





Towards a complete sequence homology concept : 




Von der Fakultät für Mathematik und Informatik  




D I S S E R T A T I O N 
 
 
zur Erlangung des akademischen Grades 
 
 
DOCTOR RERUM NATURALIUM 








von Wing-Cheong Wong (Msc Bioinformatics) 





Die Annahme der Dissertation wurde empfohlen von: 
 
1. Professor Dr. Peter F. Stadler (Leipzig, Deutschland) 
 




Die Verleihung des akademischen Grades erfolgt mit Bestehen  





Finding the ideal PhD program in my country has been a challenge for me 
since the science community here is very young and the quest of fundamental 
propositions is not common. With great fortune, I met my mentor, Frank 
Eisenhaber, who has created the ideal microenvironment where I can truly 
immerse in the science that I believe in. Also, his level of patience, guidance 
and insight is unbelievable. For all these, I am indebted to him. 
 
To Sebastian Maurer-Stroh and Georg Schneider, I thank them for their 
engagement in scientific discussions and their support during the course of 
my research. 
 
Last but not least, I am very grateful to my family (my dearest mother and two 
wonderful sisters, Brenda and Hazel) and my loved ones (Lailing and Poopi) 
for their patience, love and care that they have exhibited during my prolonged 
periods of solitude awaiting for those ‘eureka’ moments in science. 
Abstract 
 
Historically, the paradigm of similarity of protein sequences implying common 
structure, function and ancestry was generalized based on studies of globular 
domains. The implications of sequence similarity among non-globular protein 
segments have not been studied to the same extent; nevertheless, homology 
considerations are silently extended for them. This appears especially 
detrimental in the case of transmembrane helices (TMs) and signal peptides 
(SPs) where sequence similarity is necessarily a consequence of physical 
requirements rather than common ancestry. Since the matching of SPs/TMs 
creates the illusion of matching hydrophobic cores, the inclusion of SPs/TMs 
into domain models can give rise to wrong annotations. More than 1001 
domains among the 10,340 models of Pfam release 23 and 18 domains of 
SMART version 6 (out of 809) contain SP/TM regions. As expected, fragment-
mode HMM searches generate promiscuous hits limited to solely the SP/TM 
part among clearly unrelated proteins. More worryingly, this work shows 
explicit examples that the scores of clearly false-positive hits, even in global-
mode searches, can be elevated into the significance range just by matching 
the hydrophobic runs. In the PIR iProClass database v3.74 using conservative 
criteria, this study finds that at least between 2.1% and 13.6% of its annotated 
Pfam hits appear unjustified for a set of validated domain models. Thus, false-
positive domain hits enforced by SP/TM regions can lead to dramatic 
annotation errors where the hit has nothing in common with the problematic 
domain model except the SP/TM region itself. A workflow of flagging 
problematic hits arising from SP/TM-containing models for critical 
reconsideration by annotation users is provided. 
 
While E-value guided extrapolation of protein domain annotation from libraries 
such as Pfam with the HMMER suite is indispensable for hypothesizing about 
the function of experimentally uncharacterized protein sequences, it can also 
complicate the annotation problem. In HMMER2, the E-value is computed 
from the score via a logistic function or via a domain model-specific extreme 
value distribution (EVD); the lower of the two is returned as E-value for the 
domain hit in the query sequence. We demonstrated that, for thousands of 
domain models, this treatment results in switching from the EVD to the 
statistical model with the logistic function when scores grow (for Pfam release 
23, 99% in the global mode and 75% in the fragment mode). If the score 
corresponding to the breakpoint results in an E-value above a user-defined 
threshold (e.g., 0.1), a critical score region with conflicting E-values from the 
logistic function (below the threshold) and from EVD (above the threshold) 
does exist. Thus, this switch will affect E-value guided annotation decisions in 
an automated mode. To emphasize, switching in the fragment mode is of no 
practical relevance since it occurs only at E-values far below 0.1. 
Unfortunately, a critical score region does exist for 185 domain models in the 
hmmpfam and 1748 domain models in the hmmsearch global-search mode. 
For 145 out the respective 185 models, the critical score region is indeed 
populated by actual sequences. In total, 24.4% of their hits have a logistic 
function-derived E-value<0.1 when the EVD provides an E-value>0.1. 
Examples of false annotations are provided and the appropriateness of a 
logistic function as alternative to the EVD is critically discussed. This work 
shows that misguided E-value computation coupled with non-globular regions 
embedded in domain model library not only causes annotation errors in public 
databases but also limits the extrapolation power of protein function prediction 
tasks.  
 
So far, the preceding work has demonstrated that sequence homology 
considerations widely used to transfer functional annotation to 
uncharacterized protein sequences require special precautions in the case of 
non-globular sequence segments including membrane-spanning stretches 
from non-polar residues. We found that there are two types of transmembrane 
helices (TMs) in membrane-associated proteins. On the one hand, there are 
so-called simple TMs with elevated hydrophobicity, low sequence complexity 
and extraordinary enrichment in long aliphatic residues. They merely serve as 
membrane-anchoring device. In contrast, so-called complex TMs have lower 
hydrophobicity, higher sequence complexity and some functional residues. 
These TMs have additional roles besides membrane anchoring such as intra-
membrane complex formation, ligand binding or a catalytic role. Simple and 
complex TMs can occur both in single- and multi-membrane-spanning 
proteins essentially in any type of topology. Whereas simple TMs have the 
potential to confuse searches for sequence homologues and to generate 
unrelated hits with seemingly convincing statistical significance, complex TMs 
contain essential evolutionary information. For extending the homology 
concept onto membrane proteins, we provide a necessary quantitative 
criterion to distinguish simple TMs in query sequences prior to their usage in 
homology searches based on assessment of hydrophobicity and sequence 
complexity of the TM sequence segments.  
 
Theoretical insights from this work were applied to problems of function 
prediction for specific uncharacterized gene/protein sequences (for example, 
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1 On the application of the sequence homology 
concept for proteins with non-globular segments 
 
Decades before the genomic era, the principle of inferring evolutionary history 
from sets of homologous protein sequences (e.g. 1964, fibrinopeptides [1]; 
1967, cytochrome c [2]) to build believable phylogenetic trees has already 
been established [3,4]. In the same period, another principle for inferring 
homology through the trinity of sequence-structure-function has also been 
successfully applied to unknown sequences with high sequence similarity to 
characterized structures (e.g. 1967, lactalbumin model is built using the X-ray 
coordinates of lyzosome where the two sequences are concluded to be 
homologous for being 35% identical [5]; 1986, angiogenin is homologous to 
pancreatic ribonuclease where the X-ray structure of the latter is known [6,7]). 
Essentially, these principles that govern the modus operandi of the present 
day sequence homology concept remain unchanged. In fact, additional 
examples of the application of the sequence homology concept to novel 
proteins APMAP [8] and ARXES [9] are discussed in Chapter 2 “Application of 
the sequence homology concept to the function prediction of selected 
uncharacterized genes”. 
 
Though homology has the precise meaning of “having a common evolutionary 
origin”, it also carries the loose meaning of “possessing sequence similarity or 
being matched” when translated into computerized homology searches. In 
reality, homology between sequences is always a hypothesis while similarity, 
being a measurable fact, can be rationalized either as chance, convergent 
evolution or common ancestry [10–12]. While similarity by chance can be 
eliminated via stringent statistical criterion (e.g. E-value cutoff), ambiguity 
between convergent evolution and common ancestry, both inferred from 
similarity, can arise and this requires extra considerations. As a guide, we 
must be mindful in distinguishing between long stretches of similarity (typical 
for the construction of phylogenies) from those local resemblances that are 
physiologically constrained for particular side chains to form certain 
rudimentary structures (e.g. membrane spanning stretches from non-polar 
residues; turns and loops from polar ones) [13]. 
 
Fast forward into the present genomic era, alignment tools (e.g. BLAST [14], 
HMMER [15,16]) and domain libraries (e.g. SMART [17,18], Pfam [19,20]) 
have become the de-facto components of many automated annotation 
pipelines to detect the homology and hence, to infer the functions of many 
unknown sequences accumulating in the relentlessly growing sequence 
databases. The collateral damage from such convenience is an 
overestimation of homology since statistically significant similarities are 
interpreted as homology without an alternate exit as convergence. In fact, this 
overestimation was observed from the signal peptides and transmembrane 
helices of some Pfam domain models when they create local resemblance to 
hydrophobic stretches of unrelated sequences as discussed in Chapter 3 
“More than 1001 problems with protein domain databases” [21].  
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In addition, the exaggerated E-values of HMMER2 [15,16] embedded in 
annotation pipelines can further complicate the issue [22]. In Chapter 4 “The 
Janus-faced e-values of HMMER2” [22], we found that exaggerated E-values 
were attributed by the switching of the statistical model in HMMER2 from the 
extreme value distribution to the logistic function with increasing alignment 
scores. Most importantly, this switch creates a conflict zone where a 
statistically significant HMMER2 alignment originally supported by the logistic 
function is no longer significant when it is re-evaluated by the more 
appropriate extreme value distribution. As a consequence, this created 
another source of homology overestimation for those Pfam models that are 
plagued by the conflict zone. 
 
As a matter of fact, it was never clear how the sequence homology concept 
can be applied to the membrane proteins with the exception of some carefully 
handled cases. On one extreme, there are the single-spanning membrane 
proteins where their transmembrane helices act merely as anchor to the lipid 
bilayer (impying convergent evolution). On the opposite end, there are the 
multi-spanning ones with little or almost no globular regions where their 
transmembrane helices confer their respective biological functions (implying 
common ancestry). The most problematic ones are the in-betweeners where 
they have some globular segments but flanked by a few transmembrane 
helices. 
  
Although there have been previous attempts to create separate BLOSUM-like 
matrices, like PHAT [23] and SLIM [24], to perform homology searches for 
membrane proteins, their performance is limited to clearly defined 
transmembrane protein families preferably with structural information. These 
non-symmetric matrices are generally not applicable on uncharacterized 
sequences when the choice of the score matrix to use for which residues is 
unclear given unknown structural domains of the sequences. In a nutshell, a 
generalized methodology to perform homology searches for membrane 
proteins that also naturally extends the present sequence homology concept 
does not exist. Despite that, the sequence homology concept has been 
silently extended to membrane proteins, most commonly through an 
automated annotation pipeline. As a result, the unjustified sequence similarity 
of simple transmembrane helices to unrelated sequences can transform itself 
into an eventual annotation error propagation disaster [25,26]. 
 
To recapitulate, the question of whether transmembrane helices originate 
from convergent evolution or common ancestry will remain a topic of 
theoretical debate. In Chapter 5 “Not all transmembrane helices are born 
equal”, we explored the legal separation of simple (implying convergent 
evolution) and complex (implying common ancestry) transmembrane helices 
through the sequence complexity and hydrophobicity measures, and 
consequently the necessary z-score criterion. Indeed, the sequence homology 
concept can be generalized to the complex transmembrane helices 
(analogous to globular segments) regardless of the topology of the membrane 
protein, thus extending the sequence homology concept to membrane 
proteins. By identifying and suppressing the simple transmembrane helices 
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with low z-scores in similarity searches, one can minimize the artificial inflation 
of similarity scores to the level of statistical significance. 
 
To emphasize, this thesis essentially comprises my contribution to the 
methodical developments and the research results that are described in the 
following recent publications. Three of these journal articles are dedicated to 
aspects of the sequence homology theory concept: 
 
1) Wing-Cheong Wong, Sebastian Maurer-Stroh, Frank Eisenhaber, 2010, 
"More than 1001 problems with protein domain databases: transmembrane 
regions, signal peptides and the issue of sequence homology", PLoS 
Computational Biology, 6(7), pp 179-206, doi:10.1371/journal.pcbi.1000867 
[21]. 
 
2) Wing-Cheong Wong, Sebastian Maurer-Stroh, Frank Eisenhaber, 2011, 
“The Janus-faced e-values of HMMER2: Extreme value distribution or logistic 
function?”, Journal of Bioinformatics and Computational Biology, 9(1), pp179-
206, doi: 10.1142/S0219720011005264 [22] 
 
3) Wing-Cheong Wong, Sebastian Maurer-Stroh, Frank Eisenhaber, 2011, 
“Not all transmembrane helices are born equal: Towards the extension of the 
sequence homology concept to membrane proteins”, Biology Direct, 6(1):57 
 
This material is comprised in chapters 3, 4 and 5. Another two journal articles 
are in part dedicated to the description of the application of sequence 
homology concept to function prediction of previously uncharacterized 
transcripts and proteins. 
 
4) Juliane G. Bogner-Strauss, Andreas Prokesch, Fatima Sanchez-Cabo, 
Dietmar Rieder, Hubert Hackl, Kalina Duszka, Anne Krogsdam, Barbara Di 
Camillo, Evelyn Walenta, Ariane Klatzer, Achim Lass, Montserrat Pinent, 
Wing-Cheong Wong, Frank Eisenhaber and Zlatko Trajanoski, 2010, 
"Reconstruction of gene association network reveals a transmembrane 
protein required for adipogenesis and targeted by PPARγ", Cel.Mol.Life Sci., 
67(23), pp4049-4064, doi: 10.1007/s00018-010-0424-5 [8] 
 
5) Andreas Prokesch, Juliane G. Bogner-Strauss, Hubert Hackl, Dietmar 
Rieder, Claudia Neuhold, Evelyn Walenta, Anne Krogsdam, Marcel 
Scheideler, Christine Papak, Wing-Cheong Wong, Charles Vinson, Frank 
Eisenhaber and Zlatko Trajanoski, 2010, “Arxes: retrotransposed genes 




These results are briefly described in chapter 2. 
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2 Application of the sequence homology concept to 
the function prediction of selected uncharacterized 
genes 
 
2.1 Sequence-analysis-based molecular function prediction 
of human adipocyte plasma membrane associated 
protein (APMAP) suggests a six-bladed beta propeller 
with calcium-dependent hydrolase activity 
 
The human APMAP (accession Q9HDC9) has been shown experimentally to 
be a glycosylated integral plasma membrane-associated protein with a small 
intracellular domain of about 40 amino acids and a large extracellular domain 
of about 350 amino acids [27].  However, the biological function of APMAP at 
the molecular level remains unknown so far. 
 
The analysis of the sequence architecture following a published sequence-
analytic recipe [28] with the ANNOTATOR software suite [29] revealed 4 
segments (Figure 2.1A). There are two apparent non-globular segments (the 
region 1-40 with 35% charged residues and the proline-rich linker 62-89). The 
stretch 41-61 between them is a transmembrane helical region. The segment 
from residue 90 to the C-terminus appears to be a globular domain. It is hit by 
two PFAM models of enzymatic domains with conflicting properties: the 
calcium-binding SGL full domain (PF08450, residues 94-338, E-value 1.2e-4) 
and the str_synth domain fragment, a domain without metal ions (PF03088, 
residues 201-289, E-value 4.4e-33). 
 
To clarify the evolutionary relationships of the APMAP C-terminal domain, a 
search with fan-like heuristics [29] of successive PSI-BLAST [30] runs 
(inclusion E-value 0.001) was performed to collect the family of APMAPs and 
its related homologues. Aside orthologous APMAPs for a number of 
eukaryotes and other proteins, it was interesting to also find the structures of 
strictosidine synthase (STR1) from Rauvolfia serpentine (PDB code 2pf8; 
[31]), serum paraoxonase (PON1) from Oryctolagus cuniculus (PDB code 
1v04; [32]), diisopropylfluorophosphatase (DFpase) from Loligo vulgaris (PDB 
code 1e1a; [33]), Drp35 from Staphylococcus aureus (PDB code 2dg0; [34]) 
and regucalcin from Agrobacterium tumefaciens (PDB code 2ghs; Joint 
Center for Structural Genomics electronic submission) with significant E-
values. Notably, PON1, DFpase, Drp35 and regucalcin are classified as 
calcium-dependent phosphotriesterases under the six-bladed β-propeller 
protein family in SCOP [35], whereas the group of strictosidine synthetase-like 
enzymes does not bind metal ions.  
 
A sequence-to-structure alignment of the orthologous APMAPs of 
representative eukaryote animals to the six-bladed β-propellers (STR1, 
PON1, DFPase, Drp35 and regucalcin) is shown in Figure 2.1B. We conclude 
that the two groups have essentially the same hydrophobic pattern. The 
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predicted secondary structure of APMAP (with JPRED; [36]) coincides with 
the observed secondary structural elements in the structures. Thus, the 
APMAP C-terminal domain is predicted to be a six-bladed β-propeller. At the 
same time, APMAP is not a strictosidine synthetase-type enzyme. The 
conservation pattern among the APMAP orthologues for functional residues 
clearly resembles that of the calcium binding structures since all four sites 
necessary for coordinating the metal ions are present. APMAP is predicted to 





Figure 2.1 APMAP is a calcium-binding protein with a six-bladed β-
propeller domain 
A) Sequence architecture of human APMAP. See the text for details.  
B) Alignment of the C-terminal segments from APMAP orthologues in animal 
genomes with the sequences of the known structures STR1, PON1, DFPase, 
Drp35 and regucalcin. Starting with a manually generated sequence 
alignment of the five known structures, the template was extended for the 
orthologous APMAP sequences with the alignment program MAFFT [37]. 
Towards the C terminus portion, APMAP contains a six bladed beta propeller 
domain (positions 90-411). In particular, APMAP has four conserved sites at 
E103, N201, N260 and D306/N307 that are predicted to be necessary for 
calcium binding in the active site.  
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2.2 Sequence analysis of the ARXES reveals a mouse-
specific transcript with high sequence similarity to a 
family of signal peptidase (SPCS3) 
 
2.2.1 Differential analysis of the conceptual translation of the mouse 
Arxes transcript with sequences of SPCS3 proteins 
 
Mouse ARXES is a transcript that is similar but distinct from that of SPCS3. If 
Arxes is truly translated, the derived protein has similarities with SPCS3 but a 
different function. Arxes-like transcripts do exist also in primates and 
especially in human. Whereas in primates Arxes appears a fragmented 
genomically, there is a continuous site in the mouse genome. It is not 
excluded that Arxes is a pseudogene and/or a source of a non-coding RNA. 
 
The hen SPCS3 (NP_990628.1) has been shown to be a 23kDa glycoprotein 
that is 180 amino acid residues in length with a single site for asparagine-
linked glycosylation at residue 141. Furthermore, the N terminus (residues 12 
to 28) is likely to contain a transmembrane segment which anchors itself in 
the cytoplasm with a larger globular domain in the lumen of the endoplasmic 
reticulum [38]. 
 
The analysis of the sequence architecture following a published sequence-
analytic recipe [28] with the ANNOTATOR software suite [29] of both mouse 
SPCS3 (NP_083977.1) and Arxes (NP_083817.1 and NP_084099.1) 
revealed that all these proteins shared a common architecture. Each of them 
contains a transmembrane segment (residues 11 to 32) and a PFAM domain 
SPC22 hit (residues 1 to 175). To clarify the evolutionary relationship between 
C-terminal domain of SPCS3 and Arxes (residues 30 to 180), a search with 
fan-like heuristics [29] of successive PSI-BLAST [30] runs (inclusion E-value 
0.05) was performed to collect the family of SPCS3 and its related 
homologues. A phylogenetic tree showed that the mouse Arxes are closest to 
the higher metazoan SPCS3, followed by worm/insect SPCS3, plants SPCS3, 
yeast SPCS3 and lastly a group of Alveolata SPCS3. No additional SPCS3 
and Arxes proteins were found, even when the inclusion E-value was 
increased to a more relaxed cutoff of 0.1 (See Figure 2.2A).  
 
Although the SPCS3 proteins and the hypothetical ARXES protein have the 
same sequence architecture and, apparently, the same hydrophobic pattern 
and the same 3D structure in the globular domain (about 40-175), their 
function appears different (if an ARXES protein does exist) since many 
residues with polar side chains at homologous positions are quite divergent in 
their physico-chemical properties (e.g., alignment positions 95 (D-H), 123 (N-
S), 166 (N-H), 181 (N-Q), 185 (N-I), 206-213 (TYEITKSY-SYEIATTF) ; see 
figure 2.2B). 
 
2.2.2 Evidence for ARXES-like sequences in genomes of other primates 
and especially in human 
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To investigate if the orthologous Arxes exists at the transcriptomic level, the 
consensus protein-coding sequence of the mouse ARXES (NM_029541.2; 
nucleotide 139 to 678, NM_029823.1; nucleotide 140 to 679) was searched 
against the NCBI chromosome sequences database. Notably, significant hits 
for partial C-terminal Arxes were found on chromosome 1 for Homo sapiens 
(NC_000001.9), Pan troglodytes (NC_006468.2) and Macaca mulatta 
(NC_007858.1). Their corresponding SPCS3 genes with full coverage were 
found on chromosome 4 for Homo sapiens (NC_000004.10) and Pan 
troglodytes (NC_006471.2), and chromosome 5 for Macaca mulatta 
(NC_007862.1). 
 
To maximize the coverage for human Arxes, the protein-coding sequence of 
mouse Arxes was searched against the Human genomic plus transcript 
(Human G+T) database. Two significant fragment hits from the protein-coding 
sequence (nucleotide 46 to 203, e-value of 1e-07; nucleotide 292 to 528, e-
value of 2e-12) corresponded to nucleotide 2723471 to 2723309 and 2722115 
to 2721891 of the human chromosome 1 genomic contig (NT_004559.13) 
respectively. The sequence coverage is about 73% of the mouse ARXES 
protein-coding sequence. Furthermore, to determine if the human Arxes could 
be expressed, the two fragment hits on the human genomic contig were 
subjected to a human EST search. Interestingly, a single partial EST hit 
(EB386953.1) with e-value of 3e-114 was recovered by the second fragment 
hit while the first fragment yielded no results. This EST entry was derived from 
a pooled human optic nerve RNA. Further examination of its full-length EST 
hit revealed that it is mapped to nucleotide 2722580 to 2721873 of the 
genomic contig NT_004559.13 without gaps at 99% identities. 
 
Taken together, we conclude that this EST hit is likely to be the partial human 
Arxes transcript. In hindsight, the human Arxes transcript differs from the 
mouse Arxes. Firstly, the transcript spans across a region of 465 nucleotides 
(nucleotide 2722580 to 2722116) on the genomic contig of chromosome 1 
that is not covered by either fragment hits from mouse Arxes. As a result, the 
full-length human Arxes transcript is already longer than the mouse Arxes. 
Secondly, the human Arxes suffers from nonsense mutation due to the 
additional 466 nucleotides. Thirdly, the human Arxes appears fragmented 
across chromosome 1 in human whereas it is contiguous in the chromosome 





C   
 
Figure 2.2 ARXES transcripts are mouse-specific and phylogentically 
related to a family of signal peptidase (SPCS3) 
A) Phylogenetic tree of SPCS3 proteins with the hypothetical translation of 
ARXES ("outgroup": SPCS3 in some protozoa) 
B) Alignment of SPCS3 proteins and the hypotheical mouse ARXES 
translation 
C) Mapping of mouse ARXES transcript and a human ARXES-like EST 
onto the genome sequence of chromosome 1 
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3 More than 1001 problems with protein domain 
databases: transmembrane regions, signal 




Following the request of a collaborator to hypothesize about the function of 
Eco1, an uncharacterized yeast gene at that time, the application of the full 
battery of sequence-based prediction tools [28,39] revealed an apparently 
significant hit to the Pfam domain PF00583 [19] in the local search mode 
Figure S3.1). This finding helped to identify a potential acetyl-CoA binding site 
and, subsequently, the hypothesis of Eco1’s acetyltransferase function was 
proven experimentally [40]. At about the same time, another collaborator 
inquired about the function of the protein “Alt a 1” of the fungus Alternaria 
alternata (AAB40400). The same approach revealed an apparently significant 
hit to the Pfam domain PF00497 (Figure S3.2) indicating some relationship to 
bacterial extracellular solute-binding proteins. The initial hope of having found 
at least something to follow up faded away quickly when it became clear that 
the query has just a signal peptide (SP) in common with the proteins 
belonging to domain PF00497. This SP has artificially elevated the alignment 
score into the significance range and, thus, created the impression of 
functional relatedness. Why do the domain models perform so differently?   
 
The theory of biomolecular sequence homology and its practical application 
for predicting function for uncharacterized genes by annotation transfer from 
well-studied homologues is one of the few achievements of theoretical biology 
that have significance for all fields of life science [41,42]. Similarity of amino 
acid sequences implies, to a certain degree, similarity in 3D structure and 
biological function [43–45]. Even apparently unrelated sequences with 
essentially zero sequence identity can adopt the same structural fold. This 
fact is rationalized by the conservation of the seemingly random, intricate 
hydrophobic pattern in the amino acid sequence of globular proteins that is 
required to form the tightly packed hydrophobic core of the tertiary structure 
[46]. This level of statistically significant sequence similarity is thought to arise 
from common ancestry under the pressure of selection at each step of 
mutational divergence with only rare instances of convergent evolution 
[13,47]. The corresponding evolutionarily favored amino acid exchanges tend 
to maintain side chain hydrophobicity, charge and side chain volume. Not 
surprisingly, it is these exchanges that score highly in the BLOSUM62 matrix 
[48] used in the BLAST/PSI-BLAST suite [14,49].   
 
This general theme has received two variations. The first is introduced by the 
notion of the protein domain [50–52] and the existence of multi-domain 
proteins. Structurally, domains are protein sequence segments that form their 
own 3D structure with its independent hydrophobic core (and with a generally 
more polar surface); thermodynamically, they fold and melt independently; 
from the evolutionary point of view, these sequence segment are shuffled in 
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the genome as independent units and are re-used in different contexts [41]. 
With respect to the homology search, the notion of domains leads to 
segmentation of protein sequences where the segments represent 
homologous members of a sequence family with the same type of domain. 
The family collection can become laborious; thus, protein domain libraries 
have appeared as a collective effort of the scientific community. Among the 
collections, there are PROSITE [53], BLOCKS [54], PRINTS [55], 
SUPERFAMILY [56], CDD [57], TIGRFAM [58], Panther [59], ProDom [60], 
EVEREST [61], the libraries of Y. Wolf and L. Aravind published with IMPALA 
[62] and, as the most systematically developed primary collections, Pfam [19] 
and SMART (Simple Modular Architecture Research Tool [17]).  
 
The second issue is that many segments do not have globular structures at all 
[63–65]. They can be of fibrillar nature, transmembrane (TM) helices, 
disordered regions, etc. Typically, these regions have a clear amino acid 
compositional bias or a primitive repetitive pattern. Sequence similarity 
between two sequence segments of this type does not necessarily mean 
common ancestry but is obviously an enforced result of physico-chemical 
constraints. For example, long hydrophobic stretches such as transmembrane 
helices appear similar regardless of ancestry and, as in the introductory 
example, all signal peptides [66] but also GPI lipid anchor sites [67,68] or 
coiled coil regions [69] must look alike to a certain degree. Many types of 
polar non-globular regions, for example serine-rich segments, readily 
compensate for insertions/deletions or substitutions as long as the integral 
properties of the respective subsegments remain unchanged. Consequently, 
convergent evolution might have a more significant role for non-globular 
sequences.  
 
Thus, sequence similarity can either be due to homology (common ancestry) 
or convergent evolution (common selective pressure). The criterion of 
sequence similarity for inferring homology is actually applicable only to 
globular segments and non-globular parts should be excluded from starting 
sequences in homology searches. The special case with amino acid 
compositional bias was recognized early and it was always advised to exclude 
those segments from similarity searches when hunting after distantly related 
proteins. For the BLAST/PSI-BLAST suite, the SEG program was advised to 
suppress at least the most obvious low complexity regions [14,30] besides the 
application of statistical corrections for compositional bias [30,70]. Sequence 
family searching heuristics should consider excluding also other types of non-
globular segments such as coiled coil regions from the similarity search [29]. 
In the original concept of SMART [18], special care was paid to determine 
domain boundaries correctly, to include all secondary structural elements of 
globules, for example by matching the alignment section with known 3D 
structures, and to exclude all sequence parts such as polar or proline-rich 
linker regions that do not belong to the domain considered.  
 
The unsupervised inclusion of transmembrane helices and signal peptide 
segments in homology searches is especially prone to erroneous addition of 
unrelated sequences to the sequence family under study since the systematic 
coincidence of hydrophobic positions creates the appearance of similarity in 
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the hydrophobic pattern, otherwise the key to sequence homology among 
globular sequence segments [46]. The consequently generated high similarity 
score as in the introductory example of “Alt a 1” might support an otherwise 
unjustified annotation transfer and lead to wrongly predicted function if it were 
not detected by manual checks. 
 
Similar precautions are generally out of scope when protein domain model 
libraries are applied for function prediction over query sequences, especially 
in a genome-wide mode. It is desirable to have systematic factors that might 
cause spurious annotations such as isolated similarities to signal peptides or 
some types of transmembrane helices be suppressed during the annotation 
workflow.  
 
When checking domain databases for the inclusion of transmembrane helices 
and signal peptides into the domain model, we found more than thousand 
domain instances in Pfam and a couple of examples even in SMART. These 
hidden Markov models (HMMs) can be a systematic cause of spurious 
similarity hits especially if the HMM-based sequence scan is applied in the 
local search mode. In this work, we wish to emphasize that these domain 
models can also give rise to wrong hits even in the global search mode where 
the high score from the membrane-helical part can mask the absence of 
match for the associated globular domains. For support of the reader, 
database search results, alignments, domain library entry lists and files with 
“cleanup” domain models as referred to in the following text are provided as 





3.2.1 Search for transmembrane helices and signal peptides 
included in SMART database alignments and validation of 
findings 
 
Since the SMART database [17] is relatively small and the alignments are 
very well curated, its alignments were used as a test ground for a SP/TM 
detection algorithm as described in detail in the Methods section.  
 
In brief, we recovered the full length protein sequences that contained the 
segments in a given alignment of SMART version 6, applied 5 TM and 2 SP 
predictors published in the literature and we checked overlap of predicted 
SP/TM regions with the alignment segments. For an alignment position to be 
considered part of a predicted TM or SP region, the respective residue must 
be included into the predicted range in a critical number of sequences and by 
a certain number of prediction tools determined by a statistical criterion based 
on the binomial distribution (significance value 0.05). 
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For each predicted TM or SP region, we derive a score as the arithmetic 
mean of the logarithmic probabilities of SP/TM prediction over all alignment 
columns involved (Methods, equation 3.5). The false-positive prediction rate 
was assessed using the SCOP α-helical proteins and the SCOP membrane 
class (Structural Classification of Proteins [35,71]) to determine TM- and SP-
score cutoffs with false-positive rates below 5%.  
 
In contrast to the Pfam test described below, SMART version 6 alignments 
contain pleasantly few SP/TM regions. With a TM-score cutoff of ≥-12 (FP rate 
of 4.67%) and SP-score cutoff of ≥-1 (FP rate of 4.02%), the number of 
predicted TM helices and signal peptides are 40 and 5 respectively. At the 
domain level, this translates to 13 problematic domains with TMs and 5 with 
SPs, respectively (Table 3.1). Thus, the fraction of problematic domains is 
very low with 1.6% (13/809) having TMs and 0.6% (5/809) SPs segments. 
 
These 18 predictions were manually validated: (i) If the respective predicted 
segments were indeed structural helices and not SPs/TMs, they should be 
part of one of the nearest globular domains in the sequence. The alignment 
sequences were searched against the sequences with known 3D structure 
from the Protein Data Bank (PDB) for any significant hits (with the generous 
Blast E-value≤0.1) and we checked whether the predicted SP/TM region 
overlaps with the segment covered by the structure. If the predicted SP/TM 
region was missing in the structure or if it was described as a TM helix in the 
structural report, we considered the prediction as validated. (ii) Without 
structural hits, we searched the scientific literature for topological information 
about membrane embedding of reference sequence segments.  
 
As the information collated in Table 3.1 confirms, none of the 18 cases is a 
false-positive SP/TM prediction. Thus, we conclude that the SMART domain 
database contains at least 18 problematic domain models. It is of interest to 
note that, except for 4 cases with accessions below SM00600, all other 
problematic domains have been added to SMART only in recent years (Figure 
3.1).  
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Table 3.1. Summary of predicted/validated non-globular segments and 
supporting evidence for the 18 SMART version 6 domains  
 





SM00019 : SF_P (Pulmonary 
surfactant protein) 
TM 33-58 1-58# The N-terminal propeptide 1-58 of NP_003009 
forms a TM when induced by a Brichos domain 
[72]. 
SM00157 : PRP (Major prion 
protein) 
TM 117-140 112-135# Latent transmembrane region in human prion 
protein BAG32277 [73,74]. 
SM00665 : B561 (Cytochrome 
B561/ ferric reductase TM 
domain) 
TM 4-146 N/a Intrinsic membrane protein [75]. 
SM00714 : LITAF (LPS-induced 
tumor necrosis factor α factor) 
TM 38-61 N/a The LITAF domain appears to have a membrane-
inserted motif (although without transmembrane 
segment) [76].  
SM00724 : TLC (TRAM, LAG1 
and CLN8 homology domains) 
TM 10-76; 216-
238; 287-307 
N/a Proof for 8 membrane-spanning segments in 
Lag1p (NP_011860) and Lac1p (NP_012917) [77] 
SM00730 : PSN (Presenilin, 
signal peptide peptidase, family) 










Out of 10 TM regions shown for human presenilin-
1 (AAB46371), 9 are in the domain alignment out 
of which 7 are predicted here [78]. 
SM00752 : HTTM Horizontally 
transferred transmembrane 
domain 
TM 12-25; 75-95; 
275-294; 338-
357 
N/a Domain is known to have 4 TM regions [79]. 
SM00756 : VKc (catalytic 






VKORC1 (Q9BQB6) is a membrane protein [80]. 
SM00780 : PIG-X (Mammalian 
PIG-X and yeast PBN1) 
TM 230-248 230-252# PBN1 (CAA42392) is a type I transmembrane 
protein in the endoplasmic reticulum [81]. 
SM00786 : SHR3_chaperone 
(ER membrane protein SH3) 
TM 7-111; 167-
186 
N/a Shr3p (NP_010069) has 4 membrane segments 
[82].  
SM00793 : AgrB (Accessory 
gene regulator B) 
TM 42-204 N/a S. aureus ABW06464 is a membrane protein [83]. 
SM00815 : AMA-1 (Apical 
membrane antigen 1) 
TM 522-527 515-602# Segment missing in structure 1W81_A [84]. 
SM00831 : Cation_ATPase_N 
(Cation transporter/ATPase, N-
terminus) 
TM 72-90 65-94# Segment maps to a TM helix of the ß-domain of 
1KJU_A [85]. 
SM00190 : IL4_13 (Interleukin 
4/13) 
SP 1-20 1-23# Annotated as secreted. Segment missing in 
structure 1ITL_A [86]. 
SM00476 : DNaseIc 
(deoxyribonuclease I) 
SP 1-19 1-17# Annotated as secreted. Segment missing in 
structure 1DNK_A [87]. 
SM00770 : Zn_dep_PLPC (Zn-
dependent phospholipase C, α 
toxin) 
SP 4-26 1-64# Annotated as secreted. Segment missing in 
structure 1OLP_A [88]. 
SM00792 : Agouti SP 1-19 1-89# Annotated as secreted. Segment missing in 
structure 1Y7J_A [89]. 
SM00817 : Amelin 
(Ameloblastin precursor) 
SP 11-28 1-26# Protein AAG27036 [90] is secreted to enamel 
matrix. 
 
Both the predicted and, if explicitly available in the literature, the validated 
segments of TM regions or signal peptides are provided in the sequence 
count of the respective SMART domain alignment. In cases marked with “#”, 
the sequence positions are with respect to the reference sequence given in 




Figure 3.1 Cumulative plots of SMART version 6 and Pfam release 23 
problematic domains. 
In SMART version 6, the total number of domains with predicted SP/TM 
segments peaks at 18, which made up 2.2% of 809 SMART domains (see 
top). Red triangles mark time points for the years 1998, 2002 and 2009 when 
the total number of domain models was 86, 600 and 809 respectively. In 
Pfam, the total number of problematic domains peaks at 1214, which made up 
11.8% of 10340 Pfam domains (see bottom). Likewise, red triangles marked 
the years 1999, 2002 and 2008 with 1465, 3360 and 10340 Pfam entries 
respectively. 
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3.2.2 Detection of more than thousand domains in the Pfam 
database with SP/TM regions 
 
Given that our SP/TM detection procedure provides statistical error measures 
for the prediction, it can be reasonably applied on the body of Pfam domain 
models. When this work was started, the available Pfam version was release 
23 constructed with the HMMER2 package. About 19% (1937 out of 10340) of 
Pfam-A domains in release 23 [19,91–93] do not have more than 4 seed 
sequences in the alignment and, consequently, there is not enough statistical 
power for rejecting the null hypotheses even if the predicted SP/TMs are true 
(see Methods). In Figure 3.2, we show the distributions of the TM- and SP-
scores per predicted SP/TM region for the alignments of the remaining 8403 
domains of Pfam-A. Both histograms exhibit a bimodal distribution where true-
positives cluster at high scores and false-positive predictions aggregate at low 
scores (see Methods). If we apply the same SP/TM-score cutoffs as in the 
SMART exercise (-12 and -1 respectively), the number of predicted TM 
helices and signal peptides are 3849 and 164 respectively.  
 
At the domain level, this implies 1079 (10.4%) and 164 (1.6%) out of 10340 
Pfam-A domains having TM or SP regions included into the domain alignment 
(Figure 3.3). The extent of the non-globular part introduced by TM regions 
together with the polar linkers between them in the domain alignments of 
Pfam can be huge (more than 500 positions). Whereas SMART strived for 
excluding non-globular parts from the domain alignments and included a few 
critical domains only recently, this has not been a matter for Pfam at all 
(Figure 3.1). The accumulation of problematic domains was even over all the 
history of Pfam. Interestingly, our conservative estimate of 10.4% 
(1079/10340) for TM-containing Pfam-A domains measures well against the 
estimated 16.7% (1365/8183) for Pfam-A release 19 reported by Bernsel et al. 
[94] who just applied TMHMM. It should be noted that their result is from a 
plain application of TMHMM without any additional false-positive hit 
suppression.  
 
Among our 164 domains with SP predictions, we might expect 6.6 (~7) wrong 
predictions. On average, each domain with predicted TM regions contains 
about 3.6 (3849/1079) TM helices, out of which 0.17 (4.67% of 3.6) represent 
false-positive TM helices. We might expect that about 50 domains out of the 
1079 domains are wrongly included into this list. Even if we remove those 
values from the total number of 1214 problematic domain models (1050 TM, 
135 SP and 29 concurrent TM and SP errors), Pfam-A release 23 still 





Figure 3.2 Histograms of average log probability per predicted 
transmembrane helix and per predicted signal peptide in Pfam release 
23. 
The top part shows the histogram of average log probability per predicted 
transmembrane helix; the bottom part shows the same per predicted signal 
peptide. The log probability provided on the x-axis is calculated with equations 
3.5 and 3.6. At the TMcutoff of ≥-12 (false-positive rate 4.67%) and SPcutoff 
of ≥-1 (false-positive rate 4.02%), the number of predicted TM helices and 




Figure 3.3 Average log probability plot of transmembrane helix and 
signal peptide predictions per domain. 
The top part shows the average log probability per predicted transmembrane 
helix calculated per domain; the bottom part shows the same per predicted 
signal peptide. Whereas the y-axis shows the log probability in accordance 
with equation 3.6 applied over all predicted segments for a given domain, the 
x-axis represents their cumulative length. At the TMcutoff of ≥-12 and SPcutoff 
of ≥-1 (horizontal dashed lines), the number of problematic TM and SP 
domains are 1079 and 164 respectively. The total number of problematic 
domains is 1214 (1050 TM, 135 SP and 29 concurrent TM and SP).  
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3.2.3 Inclusion of non-globular sequences leads to false-positives 
in homology searches, a serious source of errors in protein 
function annotation 
 
The domain alignments in Pfam and SMART are used for the derivation of 
hidden Markov models (HMMs) that, in turn, are applied for searching 
matches in query sequences with programs of the HMMER packages 
[15,16,95] with HMMER2 being the currently validated version. It should be 
noted that both the local and the global search modes for domain hits are 
available.  
 
With SP/TM regions as part of the domain alignment, the respective HMMs 
are no longer useful for local mode searches since a match in the TM or SP 
region alone without any other sequence similarity to the query sequence can 
be sufficient to cause a false-positive fragmentary domain hit as in the 
introductory case of “Alt a 1”. Further illustrative examples are provided in 
Table S3.1 and Figure 3.4. We especially searched for sequence examples 
having both hits with a SP/TM region containing domain model (with an 
alignment restricted to the SP/TM region only) as well as multiple other 
prediction tool hits that provide intrinsic annotation contradictions. Thus, we 
have two arguments supporting the idea that the SP/TM region containing hit 
is false-positive.  
 
One of the referees brought up the argument that some of the sequences in 
Table S3.1 (and also in the subsequent Table S3.2) have become obsolete. In 
the revised Tables S3.1 and S3.2, we show that none of the sequence 
examples have disappeared; instead, the sequence entries have been 
updated and, in none of the cases of sequence edition, the computation 
results have been changed to the extent of compromising the conclusion. It 
needs to be emphasized that sequence-based prediction tools should be 
applicable to all types of sequences including naturally occurring ones, 
mutated versions, synthetic constructs as well as all types of hypothetical 
sequences. It is this ability of protein sequence analysis that makes it so 
powerful to conclude from genome sequences. For example, it should be 
noted that, sometimes, the absence of a domain hit is taken as indication of a 
sequence representing a non-coding RNA.  
 
The model Herpes_glycop_D (PF01537.9) has a membrane-helix region that, 
together with its linkers on both side, are the sole part of a match in the 
fragmented search mode for a large variety of taxonomically and functionally 
diverse proteins out of which eight architectures are presented here. Similarly, 
the TM region (plus surrounding polar linkers) of model CDC50 (PF03381.7) 
significantly hits proteins with at least three different architectures in the 
fragmented HMM search.  
 
For another 4 domain models Cation_ATPase_N (PF00690.1), GSPII_F 
(PF00482.11), PAP2 (PF01569.13) and HCV_NS4b (PF01001.11) provided 
as further illustration examples, the respective TM region hit a single TM helix 
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segment of several seemingly unrelated proteins. In all cases, their alignment 
scores were above their family-wise gathering score thresholds. 
 
Not surprisingly, the global search mode that forces a complete match of the 
domain model over a subsegment of the query sequence is the standard 
regime for running hmmsearch and hmmpfam of the HMMER2 package. 
Typically, a positive hit is recognized either by a score above a so-called 
gathering threshold (which is supplied together with and determined 
empirically by the creator of the Pfam domain model) or an E-value below a 
trusted limit (such as 0.1, see page 23 of the HMMER2 user guide). It is 
particularly worrying that a number of domain models with SP/TM regions 
included generate quite convincing E-values for unrelated sequences even in 
the global search mode. In all these cases, matches of a hydrophobic region 
in the query with the hydrophobic segments of these validated SP/TM regions 
is the reason for the elevated score that frequently surpasses even the 





Figure 3.4 Examples of domain architectures of false-positive HMM hits 
caused by TM helices in the fragment-mode search. 
We show illustrative examples for six Pfam release 23 models: 
Herpes_glycop_D (PF01537.9), CDC50 (PF03381.7), Cation_ATPase_N 
(PF00690.18), GSPII_F (PF00482.11), PAP2 (PF01569.13) and HCV_NS4b 
(PF01001.11). The black boxes denote the problematic domain annotations in 
the respective sequences. Additional material such as hmmpfam outputs and 
alignments are available at the associated BII WWW site for this work. 
Domain architecture illustrations were created with DOG 1.5 [96]. 
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To investigate the effects of SP/TM regions in homology searches, two 
separate HMM searches against the NR database were performed for each 
domain under study. The first run relied on an HMM using the original 
alignment. For the second run, we constructed a “cleanup” alignment via the 
removal of the predicted TM or SP segments. The two HMMs for the hmmls 
style of search (global with respect to the domain and local to the query 
sequence) were built from the alignments using the commands ‘hmmbuild –F 
–amino model-file alignment-file‘ and ‘hmmcalibrate –seed 0 –num 5000’. 
When contrasting the results of the two HMM runs at E-value≤0.1, we assume 
all hits of the cleanup model as true-positives and scrutinize all additional hits 
of the original model as potential false-positive hits. We screened them for 
potentially contradictory annotation using sequence-analytic tools [28,39] and 
scientific literature. Below, we describe several representative cases (Table 
S3.2, Figure 3.5).  
 
The model PIG-P (PF08510.4) includes a segment with TM helices (positions 
1-91) and hydrophilic region (positions 92-208). In the global-mode search 
against the non-redundant database, the first 100 alignment positions of the 
model (i.e., the N-terminal part with the 2 TM helices) hit a pair of C-terminal 
TM helices in the four protein targets listed in Table S3.2 (Figure 3.5). The 
positions of the HMM covering the cytoplasmic part of Pig-P [97] correspond 
mostly to a single large gap in the alignment with any of the four hit 
sequences (and this gap has only a marginal influence on the total score). 
The E-values both with the HMMER2 and HMMER3 suites are very 
convincing (between e-27 and e-09) and the scores are all far above the 
gathering threshold. Nevertheless, these are certainly false-positive hits. 
Whereas, the Pig-Ps are endoplasmic reticulum proteins [97], EAY79580.1, 
EAZ17037.1 and XP_001842924.1 have nucleic acid binding domains and 
are most likely nuclear proteins and XP_761344.1 appears mitochondrial due 
to a CIA30 domain [98]. Just having two TMs and their short linker matching is 
a poor argument for common ancestry.  
 
The PAP2 (type 2 phosphatidic acid phosphatase) domain model (PF 
01569.13) hits the sequence XP_418136.2 (Table S3.2, Figure 3.5) in an 
internal segment. Inspection of the alignment shows that the only high scoring 
similarity regions belong to the two transmembrane segments and there are 
two large gaps corresponding to non-membrane segments in PAP2 proteins. 
Most importantly, the two motifs A and C characteristic for PAP2 proteins are 
not conserved and the motif B is completely absent in the sequence hit [99]. 
Thus, this is a false-positive finding regardless of impressive scores and E-
values.  
 
The members of the EMP24_GP25L family (PF01105.15, Table S3.2) have a 
polar region, a coiled coil segment followed by a transmembrane part in their 
model [100]. Sequence CAN62859.1 (Figure 3.5) generates a significant, yet 
false-positive hit to the respective HMM although it does not have any traces 





Figure 3.5 Examples of domain architectures of false-positive HMM hits 
caused by TM helices/signal peptdes in the global-mode search. 
Findings for nine Pfam release 23 models Pig-P (PF08510.4), PAP2(PF 
01569.13), EMP24_GP25L (PF01105.15), PTPLA (PF04387.6), Lamp 
(PF01299.9), MttA_Hcf106 (PF02416.8), HAMP (PF00672.17), Nodulin_late 
(PF07127.3) and GRP (PF07172.3) are shown. The black boxes denote the 
problematic domain annotations in the respective sequences. Additional 
material such as hmmpfam outputs and alignments are available at the 
associated BII WWW site for this work. Domain architecture illustrations were 
created with DOG 1.5 [96]. 
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In the model for PTPLA (PF04387.6, Table S3.2), the first 30 N-terminal 
positions of the HMM contain the active site motif that is critical for function 
and, thus, for family membership [101,102]. The alignment of EAY72555.1 
(Figure 3.5) with the respective HMM has a large gap in this region; 
nevertheless, the matches with two transmembrane conveniently shift the E-
value into the region of statistical significance although, this time, the score is 
below the gathering threshold.  
 
The Lamp domain (PF01299.9, Table S3.2) characteristic of lysosomal 
glycoproteins hits sequences XP_487300.2 and XP_916963.1 of ATP 
synthases (Figure 3.5) significantly both with regard to score and E-value. 
Inspection of the alignments shows that a segment of about 120 HMM 
positions out of 340 is absent in the sequence hits since the respective region 
is covered by three large gaps. As a result, several critical functional motifs 
(cysteines 1-5 and the cytoplasmic tail GY motif [103]) are missing in the hits. 
The total score is rescued by the transmembrane region match.   
 
The typical architecture of MttA_Hcf106 (PF02416.8, Table S3.2) proteins 
(known to be involved in sec-independent translocation [104]) comprises of a 
TM segment followed by an amphipathic helix and an acidic domain. The 
alignment of the respective HMM with the false-positive hit sequences 
ZP_00374359.1, an RNA polymerase, and ZP_02966160.1 (Figure 3.5), a 
putative phosphatase, shows good match in the TM segment (in the case of 
ZP_02966160.1, with its signal peptide !!) followed by a moderate fitting to the 
amphipathic helix segment and an almost complete absence of the acidic 
part. 
 
HAMP protein segments comprise of two α-helices connected with a linker 
having a characteristic motif [105]. In addition, the domain model PF00672.17 
(Table S3.2) includes a preceding transmembrane segment which causes 
significant, yet false-positive global search HMM hits in four proteins (see 
Table S3.2, Figure 3.5) although none of them has traces of the linker region 
(covered by a gap in the alignment).  
 
The architecture of the Nodulin_late domain (PF07127.3, Table S3.2) consists 
of a signal peptide followed by a region with two characteristic cysteine pairs 
[106]. The protein ABD33411.1 is annotated as a nodulin_late protein in the 
database and, indeed, the respective HMM produces a significant hit by any 
commonly used statistical criterion; yet, the hit is false-positive (Figure 3.5) 
since the alignment is good only in the signal peptide region but this match is 
followed by two large gaps and none of the cysteine pairs is conserved.  
 
Further, the domain model GRP (PF07172.3, Table S3.2) for cell-wall related 
proteins comprises of an N-terminal signal peptide followed by a glycine-rich 
region [107]. The respective HMM matches the C-terminal part of 
CAL51691.1, a putative RNA helicase (Figure 3.5). Surprisingly, the signal 
peptide part of the GRP domain matches the C-terminal two secondary 
structural elements of the GUCT domain (PF08152.4) in CAL51691.1 (a β-
strand and an α-helix in the homologous structure 2E29 chain A [108]).  
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Our final example illustrates the issue with multiple TM segments. If the 
linkers between them differ among query and model, the gap penalties offset 
some part of the score accumulated by the hydrophobic position matches. 
The case of claudin proteins, small membrane glycoproteins with 4 TM 
helices and a length below 200 AA, is instructive in this respect. In a global 
search mode with the PMP22_claudin model (PF00822.12), the respective 
HMM hits numerous sequences of γ-subunits of voltage-dependent Ca-ion 
channels with E-values in the order of e-7. Closer inspection of the seed 
alignment showed that just a single channel sequence (CCG2_mouse) was 
included although they are not related to the family [109]. If we remove this 
entry, the new HMM still hits to 4TM γ-subunits of voltage-dependent Ca-ion 
channels (e.g., NP_542375.1, NP_542424.1) as well as to the 3TM 
XP_533601.2 (Natural killer cell protein) with E-values in the order of 0.08. In 
all cases, the sequence similarity is confined to matches of the hydrophobic 
segments. 
 
3.2.4 Inclusion of non-globular sequences leads to false-negatives 
in homology searches thus decreases sensitivity of the 
domain model 
 
The decrease in specificity of domain models harboring SP/TM regions is also 
accompanied by a decrease in sensitivity. In general, the need to have 
additional good alignment scores for the SP/TM pieces can become a burden 
for any true-positive sequences that are incompletely sequenced or missing 
the SP/TM-region pieces naturally. 
 
By contrasting the HMM runs between the original and cleanup models, 
potential false-negatives were identified as hits that were found only by the 
cleanup models. Then (see Methods), we re-computed the scores/E-values 
for the original HMM as well as another set of scores/E-values using the same 
HMM and EVD parameters from the original model but without the SP/TM 
segments (cleanup case). Finally, the two sets of scores/E-values were 
compared to find hits where their original score/E-values were less significant 
than their re-computed ones (i.e. without SP/TM). These were considered as 
false-negatives.  
 
In Table S3.3, we show selected false-negative examples of several domain 
models with validated SP/TM-regions where their re-computed scores/E-
values drastically improved without their SP/TM segment scores. All re-
computed hits’ scores except for NP_848488.2 were clearly above their 
gathering score thresholds. Previously, all these hits would be treated as 
false-positives if gathering score thresholds were considered. In essence, the 
negative scores of the SP/TM segments (due to their absence in the 
corresponding sequence) had acted as heavy penalties on the total scores, 
thus, it was concluded that these hits were insignificant. 
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3.2.5 Significant rates of problematic function annotations in 
existing sequence databases due to SP/TM regions in 
domain models 
 
It was already suggested in the literature that unsupervised annotation 
transfer based on spurious sequence similarities has created a myriad of false 
function annotations for sequences from genome projects [25,26,110]. If care 
is not exercised, the inclusion of SP/TM regions into domain models can 
become a perfect recipe for protein annotation disaster.  
 
We explored this issue for PIR (Protein Identification Resource) iProClass 
v3.74 [111] and retrieved sequences with Pfam accession IDs for the 
problematic domains in Table 3.2. These sequences were re-annotated using 
HMMER2 hmmpfam in global-search mode (with parameter –null2). 
Interestingly, a number of sequences returned zero hmmpfam hits (searched 
for with a very permissive E-value ≤ 10) despite being annotated with the 
respective domains in the database and these are clearly false annotations 
(column 5). For each sequence with reproduced hit, summing up the match, 
insert and state transition log-odd scores (provided in the Pfam model) over 
its emitted HMM sequence allowed us to recalculate its total score as well as 
the SP/TM-region- (column 2) and non-SP/TM-segment-specific parts of the 
score log odd scores. We tagged a sequence as a potential false-positive hit if 
the total score was at least the gathering score threshold GA  while its non-
SP/TM-segment-specific score contribution was less than the expected non-
SP/TM specific gathering score threshold nonSPTMG  (column 4, see Methods); 
thus, only the match to the SP/TM hydrophobic region carries the hit over the 
threshold. Surprisingly, the number of unjustified annotations is between 2.1 
to 13.6% depending on the type of domain (column 6); thus, the annotation 
error due to spurious SP/TM matches can be quite substantial.  
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Table 3.2. Unjustified annotation percentage of validated problematic 
domains in Protein information resource (PIR) iproclass v3.74 (Global-
mode search) 
 
Domain Name Type, 
validated 
region of 




No. of FP hits 













terminus), GA =18.90, 
SPTMG  = 9.58, 
nonSPTMG  = 18.79, 
c = -9.47, A = -76.19 
TM,66-87 
(87), ref.[85] 




and golgi apparatus 
trafficking proteins), 
GA  = -16.00, 
SPTMG  = 13.82, 
nonSPTMG  = -20.28, 





1029 8 33 41 (4.0%) 
PF01299.9 : Lamp 
(Lysosome-associated 
membrane 
glycoprotein), GA  = -
87, SPTMG  = 18.34, 
nonSPTMG  = -95.80, 





164 2 12 14 (8.5%) 
PF01544.10 : CorA 
(CorA-like Mg2+ 
transporter protein) 
GA  = -61.3, SPTMG  
= 28.57, nonSPTMG  = -





2717 15 71 86 (3.2%) 
PF01569.13 : PAP2 
(type 2 phosphatidic 
acid phosphatase) 
GA  = 8.3, SPTMG  = 
21.70, nonSPTMG  = -










GA  = 7, SPTMG  = 
TM,1-19 (74), 
refs.[104,113] 
2085 283 0 283 (13.6%) 
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17.88, nonSPTMG  = -
1.30, c  = -9.58, A = -
102.29 
PF04387.6 : PTPLA 
(protein tyrosine 
phosphatase-like 
protein), GA  = 25, 
SPTMG  = 13.59, 
nonSPTMG  = 20.97, c  




277 3 3 6 (2.2%) 
PF04612.4 : Gsp_M 
(General secretion 
pathway, M protein) 
GA  = 25, SPTMG  = 
24.68, nonSPTMG  = 





401 19 6 25 (6.2%) 
PF07127.3 : GRP 
(plant glycine rich 
proteins) GA  = 17.2, 
SPTMG  = 14.64, 
nonSPTMG  = 12.16, c  




207 12 4 16 (7.7%) 
PF08294.3 : TIM21 
(Mitochondrial import 
protein), GA  = -20.3, 
SPTMG  = 0.19, 
nonSPTMG  = -10.88, 





118 7 1 8 (6.8%) 
PF08510.4 : PIG-P 
(phosphatidylinositol N-
acetyl-glucosaminyl 
transferase subunit P), 
GA  = -11.4, SPTMG  
= 40.20, nonSPTMG  = -




143 4 0 4 (2.8%) 
 
In the first column, we list selected Pfam domains with their accession, 
identifier, description and their gathering score (as in Pfam release 23) that 
have TM and/or SP regions included into the model. The region in the domain 
alignment that includes the validated SP/TM segments (together with 
interlinking loops as described in Methods) and the corresponding references 
are provided in the second column. The number of retrieved sequences from 
iProClass v3.74 with respect to each domain is given in the third column. The 
number of unjustified hits that returns results (and also satisfied the criteria) 
and without results are given in the next two columns. The last column gives 
the total and percentage of the unjustified hits with respect to the number of 
retrieved sequences. In addition, the log odd scores were re-derived from the 
match/insert/state transition scores provided by the respective HMM model. 
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The reproduced scores v  varied from the original scores at 0.57±0.34. GA  
and nonSPTMG  (see equations 3.19 and 3.20) denote the domain gathering 
score threshold and the expected non-SP/TM-specific gathering score 
threshold respectively.  
 
Additional material such as hmmpfam outputs and alignments are available at 
the associated BII WWW site for this work. 
 
3.2.6 Sequence complexity of SP/TM-regions  
 
The fact that signal peptide or transmembrane helix segments are of lower 
sequence complexity than their globular counterparts is not widespread 
general knowledge. To our current understanding, there is only a comment 
about this issue in the BAliBASE article of Bahr et al. [116] where the notion is 
considered “self-evident” without provision of any supporting data.  
 
In brief, we extracted all sequences from Uni-Prot (release 14.4) with the 
feature keys “signal” and “transmem”. Among the single-transmembrane 
proteins, we selected those characterized as “anchor” in a special group. For 
multi-TM region proteins, we selected those who have 5-9 annotated TM 
segments. Additionally, we got the experimentally verified α-helical TM 
regions as provided by TMPDB (release 6.3) [117]. As a reference point for 
helices in globular proteins, we took the set of alpha-helices in PDB (extracted 
from PDBFIND2.txt as of April 2010 [118]) with 14-28 amino acid residue 
length surrounded by coil regions. Within all sets, sequence redundancy was 
suppressed with Cd-hit and a 50% sequence identity threshold [119]. 
 
In our calculations, we find that only 3% of residues in α-helices in globular 
domains are covered by hits of the quite stringent low complexity tool SEG 
(parameters window 12, 2.2, 2.5) [120] whereas this is the case for 18% for all 
residues in transmembrane helices extracted from TMPDB. Similarly, 24% of 
residues in signal peptides in UniProt are hit by the same SEG tool. Thus, SP 
and TM regions are more likely to be of low complexity than structural helices 
of comparable length. 
 
Interestingly, the values for the Uni-Prot sets are 30% for single 
transmembrane proteins, 33% for single transmembrane proteins with the 
region annotated as “anchor” but only 12% for multi-transmembrane proteins. 
Thus, the problems with non-relevant matches in hydrophobic regions are 
more likely to occur, as a trend, in proteins having signal peptides or only a 





3.3.1 The notion of domain and the issue of SP/TM regions 
 
There is no substitute for computational methods in large-scale functional 
annotation of sequence data and sequence similarity as surrogate for 
homology has to remain a decisive factor for function assignment [121]. E-
value guided extrapolation of protein domain annotation has been a 
cornerstone for understanding completely sequenced genomes. There is 
about a decade of experience of using HMMER2 with a Pfam release 23-style 
or SMART domain library. These tools have indeed had tremendously high 
impact and have done a very good job.  
 
The fundamental consideration in this article, namely the difficulty to interpret 
sequence similarity as a result of similarity of non-globular segments, 
(especially signal peptides or transmembrane regions) within the current 
theory of sequence homology, the basis of annotation transfer, goes beyond 
the specific criticism for a few domain models. In this context, it appears 
necessary to recall what the notion of a protein domain implies. In the 
introduction of their article, Veretnik et.al. [52] provide a list of definitions 
extracted from the literature and applicable in a variety of research contexts. 
The criteria involve sequence or 3D structure similarity, structural 
compactness, assignment and atomicity of associated biological function; yet, 
not any conserved piece of sequence can be considered a domain.  
 
In the special case of globular domains that have tertiary structure, sequence 
similarities imply sequence homology as well as fold and function similarity. If 
3D structures are known, domains as compact (having an own hydrophobic 
core) and spatially distinct units of protein structures that share significant 
structural similarity can be grouped together (for example, in libraries such as 
SCOP [35,71] or CATH [122]). Structural domains are also units for folding 
and, in the thermodynamic sense, for melting [50]. It should be noted that, 
even for globular domains, sequence similarity does not guarantee the same 
structure and function, especially with sequence identities below 25% 
[43,44,123]. Whereas fold similarity is usually a consequence of hydrophobic 
pattern similarity, nevertheless, lots of the structural detail can be different 
affecting issues of conformational flexibility, binding specificity, catalytic 
activity, substrate preferences and, thus, biological function [28,41].   
 
Although structure-based domain libraries aim at providing complete and well-
defined annotation about a domain, the antecedent of requiring structural 
information and associated function makes it exclusive for only a small 
number of well-studied proteins. Thus, many more proteins in sequence 
databases remain difficult to characterize under this definition.  
 
Meanwhile, a complementary domain definition based on the sequence 
homology also evolved independently. In the sequence-analytic context, 
domains as the basic components of proteins are families of sequence 
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segments of minimal length (i) that are similar to each other with statistical 
significance, (ii) that provide for a specific biological function at the molecular 
level (“atom” of molecular function [41]) and (iii) that occur in different 
sequence domain contexts as they are reshuffled by evolution [124–126]. 
Indeed, this notion is the basic to the approach of sequence homology-based 
domain libraries like SMART and Pfam. Yet, there is a caveat: Because of the 
statistical significance criterion, similarity between sequences to be 
established requires them to be without any type of amino acid compositional 
bias or primitive repetitive pattern. This condition essentially brings together 
the structural and the sequence-analytic definition of domain since both, 
essentially, become applicable only to the globular domain type. The 
exclusion of sequential bias makes the application of the sequence homology 
theory to non-globular sequence segments (in contrast to globular segments) 
at least a borderline case and, often (certainly at low sequence identity), 
disables sequence similarity as argument for common ancestry, similarity of 
structure (if there is any 3D structure at all) and function.  
 
It is crucial to note that similarity of sequences can either be due to homology 
(common ancestry) or convergent evolution (common selective pressure due 
to physical requirements or biological function). We wish to emphasize that 
generally applied sequence-statistical criteria for deducing homology have 
been derived from studies of globular domains. In these cases, conservation 
of an intricate, only apparently random hydrophobic pattern is necessary for 
composing the hydrophobic core and, thus, for fold conservation [28,46].  
 
This condition is generally not fulfilled for non-globular segments (e.g., 
transmembrane helices, signal peptides, inter-domain linker regions, 
segments carrying lipid-attachment sites, etc.); thus, their functional 
annotation requires other methods than just annotation transfer based on 
position-wise sequence similarity. It appears likely that many types of non-
globular segments re-occurring in evolutionary very distant proteins are rather 
the result of convergent evolution than common ancestry; for example, the 
likelihood of a de novo appearance of a phosphorylation site in a generally 
serine-rich stretch seems quite high in evolutionary time scales. This issue 
would deserve a more explicit study on its own.  
 
In a generalized theme, SP/TM segments are usually the results of physico-
chemical constraints and do not confer the specific biological function of the 
protein. Therefore, missing alignments in the SP/TM regions is less 
detrimental than that of the non-SP/TM regions if the membrane-embedded 
region is just used as translocation signal.  
 
3.3.2 About the suitability of HMM-type models to infer homology 
from SP/TM-region containing sequences 
 
To further the argument, in the framework of HMM, there is no clear 
demarcation of SP/TM and non-SP/TM regions towards the computation of 
the alignment scores. Hence, this questions the correctness of inclusion of 
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SP/TM regions into the HMM or, at least, makes a separate consideration for 
them a matter of necessity in the context of the homology argument. 
 
Our arguments raise the question whether position-specific scoring matrices 
(PSSM), HMMs or profiles are indeed the appropriate tool to classify all kinds 
of non-globular segments with regard to sequence homology. Matching the 
hydrophobic pattern alone is recognized insufficient for inferring homology 
among proteins with transmembrane helices. In previous reports [94,127], 
sequence similarity was attempted to be complemented with topology 
requirements. Anantharaman and Aravind [128] in their discussion with the 
reviewer list further arguments such as conservation of functional residue 
patterns, conservation of the number of TMs, the linker length, etc. Similar 
arguments are provided by Schultz [79]. If common ancestry is not a 
necessary requirement, PSSMs or HMMs are useful to test aspects of 
sequence similarity in context of physical pattern constraints (for example, as 
in the case of TMHMM [129] for the purpose of transmembrane helix 
prediction).  
 
The case of SPs/TMs is of special importance since their hydrophobic 
stretches can create the false appearance of similarity to the respective 
hydrophobic core of the target template based on a hydrophobic pattern 
match. Alignments with many hydrophobic residues in the same columns 
generate high scores; thus, a SP/TM match can elevate an otherwise 
mediocre HMM score into the range of significance. The inclusion of a SP/TM 
into the domain model can compromise the selectivity of HMMs towards 
specific families and create hits not only to neighboring sequence families 
within the superfamily but also beyond. Whereas errors of the first kind might 
be considered not dramatic, we show with examples in Tables S3.1 and S3.2 
that, most importantly, drastic cases of misannotation can happen.  
 
Thus, the reliability in homology inference is greatly influenced by the amount 
of non-globular content in such domain library entries. We find that, even in 
the very well curated SMART domain collection (version 6), there are 18 
domain models (out of 809) that include TMs or SPs. Based on our 
conservative approach, we find that clearly more than 1000 domains harbor 
SP/TM segments in Pfam release 23 (out of 10340 entries). To make matters 
worse, we observe a growing trend of addition of SP/TM region-containing 
domain models in Pfam and especially in SMART during the recent years 
(Figure 3.1).  
 
In the Results section, we provide convincing examples that these domains 
have the potential to lead to annotation problems. They do not only cause 
promiscuous hits in fragment-mode HMM searches (Table S3.1). As we could 
see, the problems persist in the global-mode HMM searches by elevating the 
hits to significant levels beyond any normally applied E-value cutoffs or 
gathering score thresholds for a variety of SP/TM-region containing domain 
models (Table S3.2).  
 
Therefore, our finding might suggest the mandatory removal of SPs/TMs from 
domain models. We do not recommend this at this stage. Such a strategy is 
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not easy to implement due to several reasons. The required editing of domain 
libraries given their current status would be quite laborious and appears 
impractical in the short term. Then, there is also the issue with some multi-TM 
region protein domain models where there is little or no soluble globular 
component. Further, the biological significance of sequence similarity of 
proteins with TM regions and its relationship to homology has been studied 
only in a few cases [79,128,130,131].  
 
Notably with regard to signal peptides, the Pfam team has conveyed to us the 
removal of signal peptides in most domain models for future releases (Alex 
Bateman, personal communication). Similarly, it appears reasonable to 
remove TM regions from models where they are not integral parts of the 
globular domain and, especially, where the domain occurs also outside the 
TM region context. An excellent match between SP/TM regions of non-
relevant proteins is possible just because of their uniform hydrophobicity and 
this match will elevate scores in alignments. Often, this might be insufficient to 
overcome thresholds of significance but, as we see in our experience, it can 
happen and it happens systematically for some types of models. Most likely, 
the problems arise with domains having one or very few TM regions which are 
the majority of cases in Pfam (366 with 1 TM helix, 170 with 2 TM helices, 127 
with 3 TM helices, 416 with more than 4 TM helices as with our conservative 
estimates). As we have seen, the trend to low sequence complexity is 
especially strong for proteins segments representing a signal peptide or a 
single-TM anchor. Both the exclusion of signal peptides and of 
transmembrane helix anchors from domain models would remove the bulk 
(but not all) of the problems described in this article. Among all SP/TM 
regions, signal peptides, signal anchors and single TM regions have a trend to 
considerably more pronounced sequence complexity than TM regions in 
multi-TM proteins (see Results).  
 
In addition, we propose two other possible workarounds: First, one might 
process each query sequence with tools recognizing non-globular segments 
including those for SP/TM regions and mask them with X-runs before 
comparing the query with domain libraries. Yet, this would not exclude cases 
such as SPs in HMMs hitting structural helices (see the GRP example 
CAL51691.1 from Table S3.2). Alternatively, we offer a supplementary, 
“cleanup” version of Pfam release 23 (see the file 
“Pfam_rel23_globalHMM_cleanup.rar” at the WWW site for this article). In 
cases of problematic domain models with SPs/TMs, hits of query sequences 
both with the original HMM as well as with the HMM derived from the reduced 
alignment without the respective SPs/TMs are to be compared. We suggest 
considering collinear hits of both models as benign whereas hits from only the 
original HMM should be flagged as problematic pending manual check by the 
user of the annotation. For this purpose, we supply versions of the domain 
model that are cleaned from transmembrane helical and signal peptide 
inclusions (see associated WWW site for this work).  
 
Whereas this work explores the issue of SPs/TMs in domain models mainly 
based on an analysis of HMMER2 and Pfam release 23, both have 
concurrently been updated to HMMER3 and Pfam release 24 [20]. We wish to 
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underline that this revision does not resolve the problems described in this 
paper. For 16 out of the 17 sequence examples provided in Table S3.2, using 
HMMER3 with Pfam release 24 produces the same false-positive hits. In the 
remaining case of CAL51691.1 and domain model GRP (PF07172), the 
alignment of the respective domain entry has not changed and the absence of 
hit appears due to an increased gathering score (17.2 for global-mode and 
15.9 for fragment-mode HMMER2-search in Pfam release 23 in contrast with 
22.7 for HMMER3 and Pfam release 24). We do not think that the transition to 
HMMER3 resolves the problem of SPs/TMs included into seed alignments 
since SPs/TMs will contribute to the score similarly to buried structural helices 
regardless of any composition-based corrections. On the contrary, we have 
seen that the fragment-mode search with HMMER2 has essentially been 
useless in the E-value guided mode because of many false hits; for the 
current HMMER3 beta-release, this is the only search mode available so far.  
 
3.3.3 E-value guided domain search versus gathering threshold 
criteria 
 
As a remedy, switching from the E-value guided hit finding to gathering score 
thresholds is proposed. This is problematic from several viewpoints. The 
HMM concept has the beauty of a rigorous probabilistic formulation that 
allows a natural treatment for substitutions and gaps in the same formalized 
framework. Further, the introduction of E-values provides a handle to compare 
various types of predictions that hit the same sequence region. Unfortunately, 
the gathering score concept (an expert-defined domain-specific score 
threshold for homologous hit selection) brings in an arbitrary component into 
the prediction process.  
 
Firstly, the determination of a gathering score is not guided by a fundamental 
consideration but, instead, depends on the data and literature situation at the 
time of seed alignment collection. Regardless, how carefully a gathering score 
is selected by the expert, it remains a subjective decision. The sequence with 
a true model hit with lowest score (as well as the false hit with the highest 
score) critically depends on the size of the non-redundant protein database, 
the variety of sequences therein and the quality of the seed alignment at the 
time of model construction. Sequence databases have a strong growth due to 
increasingly cheaper sequencing. With time, our biological knowledge grows 
and we know more about previously uncharacterized sequences. Not 
surprisingly, gathering thresholds have an inherent trend to be increased with 
time even if the underlying seed alignments do not change.  
 
For example in the case of PF00583 (Acetyltransferase) in the introductory 
Eco1 example, the gathering scores have evolved the following way: Pfam5 
(1999) with 6.5 (global mode/gm) and 6.5 (fragment- mode/fm), Pfam6 (2000) 
with 15 (gm) and 15 (fm) (with some shortening of the alignment compared 
with Pfam5), Pfam7 (2001) with 18.2 (gm) and 16.3(fm). The reader is invited 
to return to Figure S3.1 to verify that only the Drosophila melanogaster 
sequence AE003559 would make it over the gathering score threshold in 
2000 and later whereas the Pfam5 gathering score would clearly support 
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many homologues. Thus, the experimentally verified discovery of the Eco1 
acetyltransferase might have been overseen after 2000 based on a gathering 
score criterion but it would never disappear from the radar in an E-value 
guided search at any time point. As for the other introductory example, the 
PF00497 (SBP_bac_3) model, the fragment-mode gathering thresholds have 
also been heavily changed over time: For Pfam5 (1999) and Pfam6 (2000) 
GA=-20 (fm), whereas, for Pfam7 (2001), GA=49.9 (fm); thus, the sequence 
“Alt a 1” would have been a hit based on the gathering threshold criterion until 
the year 2000 but it would be suppressed with the more recent versions of 
Pfam. At the same time, the E-value generated by the example did not 
change.  
 
Secondly, gathering scores hide the problem of balance between true-
negative and false-positive hits. Although increasing gathering scores (as 
there is a trend in Pfam releases) reduce false-positive hit rates, this approach 
excludes a growing number of true hits and, thus, also limits the extrapolation 
power of domain models into the space of uncharacterized sequences. On the 
contrary, an E-value gives insights into the orders of magnitude of error rates 
when assuming the annotation transfer to be correct. The user of a gathering 
threshold guided assignment does have the illusion of dealing with ultimately 
correct hits; in contrast, an E-value provides a quantitative and typically non-
zero statistical measure for annotation error.  
 
Thirdly, gathering thresholds do not relate well with the statistics of hit 
distribution in the non-redundant database. In the HMMER2 manual, Sean 
Eddy says on page 22 “Calibrated HMMER E-values tend to be relatively 
accurate. E-values of 0.1 or less are, in general, significant hits”. Further on 
page 43, he writes “The best criterion of statistical significance is the E-value. 
The E-value is calculated from the bit score. It tells you how many false 
positives you would have expected to see at or above this bit score. Therefore 
a low E-value is best; an E-value of 0.1, for instance, means that there’s only 
a 10% chance that you would’ve seen a hit this good in a search of non-
homologous sequences. Typically, I trust the results of HMMER searches at 
about E=0.1 and below, and I examine the hits manually down to E=10 or so.” 
 
Whereas the E-values in the order of 0.1 are generally considered being 
below the significance threshold (and they are for many good domain models 
as we observed in our practice), we find actually no general relationship 
between domain-specific gathering scores and E-value thresholds for Pfam 
release 23 (Figure 3.6). In fact, the gathering score thresholds can result in 
vastly different E-value thresholds (range 10-35 to 105). Nevertheless, E-value 
thresholds close to the empirical value of 0.1 are most frequent in Pfam (see 
bottom part of Figure 3.6 with the peak of the E-value threshold histogram at 
0.07) and one wonders why there are domains at all where the E-value 
corresponding to the gathering score does dramatically differ from 0.1. There 
might be many reasons for this discrepancy and its resolution would require 
dedicated research. It would be of interest to see how the growth of sequence 
databases as well as of the biological knowledge (in contrast to the more 
static seed alignments and domain models) has an effect here. We also 
suggest that, among other factors, incompleteness of the seed alignments 
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with regard to the actual sequence variety (due to sequences that became 
available after model construction), alignment length (actually involving 
several domains in one model instead of one), the presence of non-globular 
segments or other issues of alignment quality might play a role here.  
 
Lastly, E-values are comparable since they are a statistical measure but 
gathering score thresholds are not and, therefore, scores calculated from 
different domain models or prediction tools cannot be compared. This makes 
decisions among domain models and other prediction tools hitting the same 
segment in the query difficult. For example, the sequence XP_001939830.1 
(Table S3.1, entry 19) illustrates this point. It is a hit in the fragment mode 
both by MFS_1 (over positions 49 to 388, E=1.9e-21, 
score=79.3>gatheringscore=25.4) and HCV_NS4b (over overlapping 
positions 178 to 211, E=4.8e-5, score=14.6>gathering score=14.5). Whereas 
the first is a full domain hit, the second one covers essentially only a TM 
region. Although both are above gathering score, the E-value clearly supports 
finding the correct annotation.  
 
We do not want to create the impression that we wish to nail down the Pfam 
team on, maybe, some unfortunately selected thresholds for previous 
releases. Also, the specific examples (rather the existence of such examples) 
are not relevant for the conclusions in this paper. We have to live with some 
error rate. In contrast, it is important that the theoretical fundamentals are 
reliable, that systematic causes for possibly questionable annotations are 
increasingly suppressed and that, together with the Pfam team, the 




Figure 3.6 Relationship between the gathering score and the 
corresponding E-value threshold for Pfam domain library release 23. 
Whereas the y-axis shows the gathering score threshold (GA) for the global-
mode search, x-axis shows the corresponding E-value threshold (in decimal 
log scale) calculated with the domain-specific extreme-value function with 
parameters provided in the corresponding HMM file (for an NR database size 
of 7365651 sequences) for this score. The upper plot represents the 
distribution for 9126 domains without detected SP/TM region, the middle part 
shows the same for the 1214 domains with SP/TM problems. Effectively, 
there is no clear correlation between gathering score and E-value threshold. If 
E-values close to 0.1 are considered significant, all dots should be close to 
the “-1” line (horizontal dashed lines) in this graph and, indeed, there is some 
agglomeration of data points in that area; yet, there are numerous outliers. 
Note that the E-values are computed using the equation 
 
( )[ ]{ }λµλ +−−−= GANE expexp1  
 
where N  is the database size, µ  and λ  are the extreme value distribution 
(EVD) parameters of the domain model. 
 
The bottom plot depicts the histogram of the 10340 domains in Pfam rel.23. 
The median of all log E-values that corresponded to the domain-specific GAs 
is found to be -1.16. This translates to an E-value of 0.07. 
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3.3.4 About the state of automated annotation transfer in public 
databases 
 
It is difficult to assess the total amount of wrong annotations currently 
persisting in public sequence databases since most of the protein sequences 
have never been a target of experimental study. With regard to theoretically 
derived function descriptions, the individual teams contributing to sequence 
databases, apparently, apply criteria with differing stringency and rigor. It 
appears that unrestrained annotation transfer justified by spurious sequence 
similarities is a major cause for annotation errors [25,26] and this process is 
facilitated by the convenience of automated annotation pipelines. Analogous 
to a self-replicating virus, any first annotation error perpetually propagates 
itself to any existing or new sequence database by the virtue of annotation 
transfer ironically [25,26].  
 
In their analysis of database annotations for 37 enzyme families, Schnoes et 
al. [123] find approximately 40% of submitted sequences in 2005 were 
misannotated while none carried wrong annotation in 1993. It should 
emphasized that, in most cases, the misannotation involves an enzyme family 
or superfamily mix-up. To note, the fold as well as the overall function have 
been recognized correctly. We want to caution that the disregard of non-
globular segments in context of homology-based conclusions can contribute 
to annotation errors. This may mean not just missing the correct subfamily but 
leading function assignment far astray. In the examples provided in this 
article, the true function of the protein hits has nothing in common with the 
problematic domain model hit except for the occurrence of a hydrophobic 
region that matches the SP/TM segment(s).  
 
Thus, the criteria for sequence homology in their present form appear not 
directly applicable to non-globular segments. SPs/TMs as part of domain 
models lead to pollution of database annotations as our PIR iProClass v3.74 
analysis demonstrates. As a matter of fact, it is very difficult to prove wrong 
annotation for experimentally uncharacterized sequences otherwise than by 
detecting logical contradictions. Whereas the examples in Tables S3.1 and 
S3.2 have been carefully scrutinized manually against structural and literature 
information, the same approach is out of question for a database-scale study, 
even for selected domain models as in Table 3.2. Therefore, we applied a 
criterion based on score partition into the SP/TM-specific part and the 
remainder to estimate the amount of false-positive hits to get at least a lower 
boundary estimate for the scale of the problem. We did show the existence of 
problematic annotations from a few to over ten percent for a validated set of 




To conclude, sequence similarity among non-globular protein segments does 
not necessarily imply homology. Since matching of SPs/TMs creates the 
illusion of alignable hydrophobic cores, the inclusion of SPs/TMs into domain 
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models without precautions can give rise to wrong annotations. We find that 
clearly more than 1001 domains among the 10340 models of Pfam release 23 
suffer from this problem, whereas the issue is of relatively low importance for 
domains of SMART version 6 (18 out of 809). As expected, fragment-mode 
HMM searches generate promiscuous hits limited to solely the SP/TM part 
among clearly unrelated proteins for these models. More worryingly, we show 
explicit examples that the scores of clearly false-positive hits even in global-
mode searches can be elevated into the significance range just by matching 
the hydrophobic runs. In the PIR iProClass database v3.74, we find that 
between 2.1% and 13.6% of its annotated Pfam hits appear unjustified for a 
set of validated domain models. We suggest a workflow of flagging 
problematic hits arising from SPs/TMs-containing models for critical 
reconsideration by annotation users. On the other hand, we have also seen 
that the inclusion of SP/TM regions into domain models can give rise to false 
negatives by imposing the need to have good scores over these regions in the 
query sequences when the actual domain occurs without the SP/TM context. 
 
3.4 Materials and methods 
 
3.4.1 Assessment of false-positive detection of SP/TM segments 
by unsupervised prediction 
 
It is well known that the problem of transmembrane helix prediction is not so 
much the detection of true hits as the suppression of false-positives [132]. In 
our context, it is important to have as few as possible wrong SP/TM 
predictions (and to carefully control their fraction) even on the expense of 
loosing true examples. Further, SP/TM prediction tools are designed for 
application to a single sequence, not to an alignment possibly polluted with 
gaps and/or shifts among predicted SP/TM regions among various 
sequences. Therefore, we developed the following procedure and statistical 
criteria for processing outputs of academically available SP/TM predictors.  
 
In the general case, domain models are characterized by both seed and full 
alignments. We think that, in our context, operating with seed alignments is 
preferable since they are manually validated and are supposed to have lower 
levels of inclusions of unrelated sequences.  
 
For a given domain model alignment, each sequence was subjected to sets of 
transmembrane (TM) and signal peptide (SP) segment predictors. We have 
used the following TM predictor tools – DASTM [132,133], TMHMM [129], 
HMMTOP [134], SAPS [135], PhobiusTM [136,137] and SP predictors – 
SignalP [17,66,138], PhobiusSig [136,137]. The variable M denotes the 
number of predictors in each set ( 5=M  and 2=M  for TM and SP predictions 
respectively).  
 
For each predictor m , only the positive or negative SP/TM predictions for 
each residue ija  (where i  is the sequence and j  the alignment position) were 
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considered, their respective prediction scores were ignored. Essentially, each 
positive/negative prediction can be seen as a Bernoulli random variable ijI  
(an indicator variable assuming values one or zero). Collectively, a set of 
Bernoulli variables for each column j  (made up by a number of sequences in 
the alignment) can be treated as a binomial random variable jX  having the 
value k  (sum of ijI  over all sequences i ). 
 
To ensure that columns of domain alignments with an unequal number of 
sequences and/or gap instances are treated comparably, a hypothesis testing 
step is introduced [139]. Let n  be the number of sequences (excluding gaps 
in the particular column) in the alignment. With p , we denote the actual (a 
priori unknown) probability of the residue ija  to belong to a true SP/TM 
segment. For each test, one wishes to determine if each column is a SP/TM 
residue given the observed predictions under equal chance condition. Hence, 
the null and the alternative hypotheses are stated as 5.0:,5.0: >≤ pHpH Ao . 
















=≥ ∑ )1()(   (3.1) 
 
We assume the null hypothesis is rejected at a significance level of 05.0≤α . 
This means that, for alignments of four sequences and less, 
( ) ( ) 0625.031 =≤−≥≥ XPkXP  and, therefore, the null hypothesis is never 
rejected. The statistical test requires alignments of 5 sequences or more. For 
each rejected hypothesis, the corresponding expected positive predictions 
expk  is calculated as  
kkXPk ×≤= )(exp   (3.2) 
 
Otherwise, expk  is set to zero. Finally, the estimated probability mjp ,ˆ  of column 


















p mj   (3.3) 
 
The lower line in equation 3.3 is to avoid logarithms of zero in formulas below. 
Collectively, each domain alignment leads to a matrix of J  column 
probabilities jp̂  with M  predictors for each segment type (TM or SP). The 








,, ˆlogˆlog   (3.4) 
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If ( )01.0logˆlog , Mp totalj > , we assume that position j  belongs to a predicted 
SP/TM segment. We define the indicator functions jF  being unity in this case 
and zero in the other. Thus, a section of continuous alignment positions of 
unities in jF  is called a predicted TM (or SP) segment. The average 






1ˆlog   (3.5) 
 
where R  is the total number of predicted residue columns for the given 
SP/TM segment and r  is the starting position of this TM helix or signal 
peptide.  
 
In practice, some of the predicted transmembrane helices and signal peptides 
can be fragmented due to small gaps in the alignment. In the case of signal 
peptide fragments, it is reasonable to assume that all the fragments come 
from a single signal peptide. Consequently, the average logarithm probability 
of SP prediction per domain is simply calculated using (3.5) summing over the 
smallest region that contains both the N-terminal alignment position and the 
C-terminal boundary of the most C-terminal predicted segment.  
 
However, for the case of the fragmented TM helices, the situation can be 
complicated by occurrences of multiple transmembrane segments within the 
alignment. As indicator which fragments to unite into one segment, we use the 
raw TM predictions. The indicator function mjQ ,  is set to unity at position j  
where predictor m  generates 1≥k  (union of the column-wise TM predictions 
in all sequences); otherwise, it is equal to zero. The composite indicator 
function jQ  is set to unity only at positions j  where 1, =mjQ  for all predictors 
that produce overlapping hits (intersection of predicted TM segments among 
all predictors). Similarly to predicted segments in jF , continuous runs of ones 
can be delineated in jQ . If two predicted segments in jF  overlap with the 
same predicted segment in jQ , the zero values of jF  in-between the two 
segments are restored to unity. The union operation preserves the continuity 
within a helix while the intersection operation maintains separation between 
helices. Finally, the average logarithm probability p̂  for a predicted TM 

















ˆlog   (3.6) 
where gR  is the total number of predicted TM residue columns in the g
th TM 
helix fragment. Only predicted segments with a p̂log  above a cutoff 
(TMcutoff or SPcutoff respectively; see below) are considered in the further 
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analysis; others are discarded and the respective positions in jF  are set to 
zero.  
 
We have used our algorithm also to find SP/TM regions in α- and membrane 
proteins classified by SCOP [35,71] as a benchmark for finding TMcutoff. In 
this case, a single sequence and not an alignment is available; thus, we start 
with equation 3.3 and the conditions kk =exp  and 1=n .   
 
3.4.2 Specific considerations for transmembrane and signal 
peptide predictions 
 
For the TM prediction problem, only the individual TM helix has been defined 
so far. To define a TM region that composes of one or more TM helices, 
adjacent TM helices separated by less than 40 amino acid residues are 
concatenated to form a region. The choice of 40 amino acids is based on the 
current knowledge that the smallest known globular domains such as Zinc 
fingers [140–144] are above 40 residues in length; thus, the inter-TM-helix 
residues just form some type of linker.  
 
For the SP prediction problem, it is relevant that the actual N-terminus might 
be missing in the domain alignment. Thus, two rounds of SP predictions are 
necessary. After the initial round, the domain sequences with positive SP 
predictions are subjected to blastp runs (with parameters ‘-M BLOSUM62 -G 
11 -E 1 -F F -I T’) against NR database to retrieve their full sequence data. 
Only the full sequence data with percent identity ≥ 95% and Blast E-value ≤ 
0.01 are then subjected to SP predictions. Finally, only overlapped SP 
predictions that are confirmed in both rounds are retained for further 
processing. 
 
3.4.3 Determination of domain error cutoffs 
 
The appropriate cutoff for predicted TM and SP segments in domain 
alignments have been determined with the help of the SCOP v1.75 [35,71] α 
protein, membrane class database and SMART version 6 database [17,18].  
 
TM prediction hits among SCOP α class proteins are false-positives since the 
database contains predominantly structural helices. On the other hand, the 
membrane class contains mostly TM helices that made up the true-positive 
hits for these predictors. Figure 3.7 shows the histograms of the structural 
(top) and transmembrane (bottom) helices respectively. The clear separability 
between the two histograms strongly demonstrated that these two classes of 
helices are distinct. Table 3.3 gives the associated false-positive and false-
negative rates of TM predictions at the various TM cutoffs. 
 
In the case of the signal peptide prediction, both α- and membrane SCOP 
classes will deliver false-positive hits while the domain models from SMART 
with signal peptide are true positive hits. Figure 3.8 shows the histograms of 
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false (top) and true signal peptides (bottom) respectively. In all, 45 out of 49 
seed sequences for 5 SMART domains (SM00190 IL4_13, SM00476 
DNaseIc, SM00770 ZN_dep_PLPC, SM00792 Agouti, SM00817 Amelin) were 
found to contain a predicted signal peptide. Out of them, predicted signal 
peptides for sequences from 4 domain models (except SM00817) were 
validated by their absence as a structural helix in the respective PDB entries 
(see Results, Table 3.1). Table 3.4 gives the associated false-positive and 
false-negative rates of SP predictions at different SP cutoffs. 
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Table 3.3. FP and FN rates of TM predictions based on different TM 
cutoffs. 
 
Average log probability 
of TM prediction 
No. of FP FP rate (%) No. of FN FN rate (%) 
≥ -6 21 0.91 4519 80.81 
≥ -7 37 1.61 3401 60.82 
≥ -8 45 1.96 2520 45.06 
≥ -9 47 2.04 1593 28.49 
≥ -10 72 3.14 910 16.27 
≥ -11 84 3.66 526 9.41 
≥ -12 107 4.67 418 7.48 
≥ -13 125 5.45 381 6.81 
≥ -14 206 8.98 362 6.47 
 
The first column gives the various cutoffs for the average log probability of TM 
helix prediction (refer to equations 3.5 and 3.6). The next two columns denote 
the number and percentage of false-positive TM helices with respect to 2293 
predicted helices from SCOP α-proteins based on the corresponding cutoff 
rate. Similarly, the last two columns describe the number and percentage of 





Figure 3.7 Histograms of average log probability per predicted 
transmembrane helix for SCOP v1.75 α-proteins class and membrane 
protein class. 
The top (average log probability per predicted transmembrane helix for SCOP 
v1.75 α-proteins class) and bottom (average log probability per predicted 
transmembrane helix for SCOP v1.75 membrane protein class) histograms 
represent the false-positive and true-positive distributions for TM predictions 
respectively. The total number of predicted structural and membrane helices 
is 2293 and 5592 respectively.  
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Table 3.4. FP and FN rates of SP predictions based on different SP 
cutoffs. 
  
Average log probability 
of SP prediction 
No. of FP FP rate (%) No. of FN FN rate (%) 
≥ -0.5 20 3.50 8 17.78 
≥ -1 23 4.02 1 2.2 
≥ -2 38 6.64 1 2.2 
≥ -3 38 6.64 1 2.2 
≥ -4 44 7.69 1 2.2 
 
The first column gives the various cutoffs for the average log probability of SP 
prediction (refer to equation 3.5). The next two columns denote the number 
and percentage of false-positive SP with respect to 572 predicted SP from 
SCOP α- and membrane proteins based on the corresponding cutoff rate. 
Similarly, the last two columns describe the number and percentage of false-
negative SP with respect to 45 predicted SP in seed sequences from SMART 




Figure 3.8 Histograms of average log probability per predicted signal 
peptide for SCOP v1.75 α- and membrane protein class and SMART 
version 6. 
The top (average log probability per predicted signal peptide for SCOP v1.75 
α- and membrane protein class) and bottom (average log probability per 
predicted signal peptide for SMART version) histograms represent the false-
positive and true-positive distributions for the SP predictions respectively. The 
total number of predicted signal peptides for SCOP α- and membrane proteins 
is 193 and 379 respectively, while the total number for SMART is 45. All 
except SM00817 Amelin (no available structure) were validated against their 
respective PDB entries.  
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3.4.4 Decomposition of HMM log odd scores into sequence 
segment specific components 
 
In the following, the reader is assumed to be familiar with chapter three of [95] 
and our derivations starts with a reformulated version of their equation 3.6. Let 
the observed and hidden state sequences be Y  and X . The joint probability 
of the observed and hidden state sequences is given as 
),;...;...(),( 00 baXXYYPXYP LL=  where a  and b  are the emission and state 
transition probabilities of the model, and L  is the length of the sequence. 
Upon expanding the equation, we get 
 
)()|(),( XPXYPXYP =  

















XXPXPXYP    (3.7) 
 
The marginal probability of the observed sequence Y  can be then be 




XYPYP ),()(   (3.8) 
Often the most probable path given by *X (given by the Viterbi algorithm) is a 
good approximation to )(YP . Hence we have 
 
),()( *XYPYP ≈   (3.9) 
 
In the HMM formalism, we use the log odd scores v  for scoring sequences. 







baYPv =   (3.10) 
 








































































































  (3.11) 
 
where e  and t  are the emission and state transition log odd scores. Thus, the 
total score is represented as a linear combination of sequence position-
specific terms (plus some position-independent constants and, what is not 
considered here, the so-called null2 correction). Therefore, the HMM log odd 
score can be decomposed into sequence segment-specific contributions, for 
example those arising from its globular and non-globular regions: 
 

































nonglobglob LL ,  are the total lengths of the globular and non-globular segments 
respectively; NULLHMM aa ,  are the emission probabilities of the HMM and the null 
model respectively; NULLHMM bb ,  are the transition probabilities of the HMM and 
the null model respectively. In our work, we consider the SP/TM segments 
defined by 1=jF  as non-globular part and the rest as globular.  
 
3.4.5 Estimation of the non-SP/TM component of the gathering 
score threshold 
 
Here, equation (3.12) that denotes the total score v  can be re-written as the 
sum of a non-SP/TM-specific nonSPTMv , a SP/TM-specific SPTMv , and a position-
independent score c  for a sequence as follows  
 
cvvv SPTMnonSPTM ++=  (3.13) 
 
In the following, we wish to derive the relative contribution of nonSPTMv  and SPTMv  
at scores v  close to the gathering score GA . We assume that the proportion 
between nonSPTMv  and SPTMv  as represented by the sequences from the seed 
alignment holds also for lower scores of true hits. Let the random variables 
SPTMV  and nonSPTMV  denote the SP/TM-specific scores SPTMv  and non-SP/TM 
specific scores nonSPTMv  of N  seed sequences of the domain model. The 























1  (3.15) 
 
Here, we introduce a scaling factor in the form of random variable A  as a shift 
factor in the logarithmic scale that relates the random variables SPTMV , nonSPTMV  
and the constant c  to the constant GA  (gathering score threshold provided 
the domain model). The relationship can be written as 
 
AcVVGA SPTMnonSPTM +++=   (3.16) 
 
Equation (3.16) can further be expressed in terms of two random variables 
nonSPTMG  and SPTMG  that denote the SP/TM-specific and non-SP/TM-specific 












⎡ +=  
cGG SPTMnonSPTM ++=   (3.17) 
 
To obtain the mean of nonSPTMG , we first need to solve for A  by rewriting 
equation (3.16) in terms of A  as given 
 
cVVGAA SPTMnonSPTM −−−=  (3.18) 
 
Consequently, taking the expectation of A  (the sample mean over the seed 
alignment), we get  
 
cVVGAA SPTMnonSPTM −−−=  (3.19) 
 
Finally, the non-SP/TM specific contribution nonSPTMG  to the gathering score 
threshold  is given as 
A
L
LVG nonSPTMnonSPTMnonSPTM +=  (3.20) 
 
Similarly, a SP/TM-specific threshold SPTMG  can be calculated. For the 11 
domain models in Table 3.2, A  is vastly negative and ranges from -76.19 
(Cation_ATPase_N) to -614.95 (Lamp); thus, nonSPTMv  is much larger than 
nonSPTMG  for any seed sequence.  
 
3.4.6 Estimation of unjustified annotation instances in the 
database 
 
For a set of sequences with a common problematic domain annotation, each 
sequence score can be represented by ( )nonSPTMvv, . If we assume that all true 
hits must score above the gathering score GA  and the threshold nonSPTMG  as 
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derived in the previous section is truly the lower boundary for a score 
contribution from the non-SP/TM part of a correct domain hit, the validity of 
the annotation can be assessed by comparing ( )nonSPTMvv,  with ( )nonSPTMGGA, . If  
GAv ≥  and nonSPTMnonSPTM Gv ≥ , the domain hit is considered true-positive. If 
GAv <  and nonSPTMnonSPTM Gv ≥ , the SP/TM part of the domain hit is 
degenerated; yet, the non-SP/TM part is well represented and we consider 
these hits false-negatives. In all cases with nonSPTMnonSPTM Gv < , we consider the 
annotation with the domain unjustified. Even if the total score is above the 
gathering score, formally, the shift to the significant range is only achieved by 
a large score from the SP/TM region.  
 
We find that our derivation for nonSPTMG  is credible since it does not 
compromise the sensitivity of the domain models. The fraction of false-
negative hits over the total retrieved sequences per problematic domain 
ranges between 0 to 5% (with the only outlier GRP at 10.1%).  
 
3.5 Supporting Information  
 
Additional data files for this chapter are also available via http://mendel.bii.a-
star.edu.sg/SEQUENCES/ProblemDomains-TM+SP/ 
 
Additional Figures S3.1 and S3.2 
 
The files “1001-Suppl-FigS1.pdf” and “1001-Suppl-FigS2.pdf” contain the 
Figures S3.1 and S3.2.  
 
Additional Tables S3.1, S3.2 and S3.3 
 
The file “1001-Suppl-TabS1.pdf” (Table S3.1) provides information about 
examples described in this article with regard to fragmentary domain hits 
falsely caused by signal peptides and transmembrane regions as part of 
domain model. The file “1001-Suppl-TabS2.pdf” (Table S3.2) provides the 
same information about examples in the global search mode. The file “1001-
Suppl-TabS3.pdf” (Table S3.3) lists negative examples where the globular 
part of the domain occurs without an SP/TM context.  
 
Additional data file S3.6 
 
The file “protocol-S1.rar” contains the information provided as supplementary 
material at the associated WWW site  
http://mendel.bii.a-star.edu.sg/SEQUENCES/ProblemDomains-TM+SP/ 
at the time of submission. Besides HMMER outputs, alignments, etc. for 
Tables S3.1, S3.2 and S3.3 and for Figures 3.4 and 3.5, we provide lists of 
affected Pfam models as well as HMMs for these domains without the 
respective SP/TM segments. Caution: This is a large file (32MB).  
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4 The Janus-faced E-values of HMMER2: Extreme 




Sequencing of DNA has become the key life science research technology 
only because computational methods provide an opportunity for the functional 
characterization of otherwise not (especially not experimentally) studied 
genes and protein molecules. The transfer of functional annotation from an 
experimentally characterized example to a whole family of proteins with 
similar sequences is justified by the theory of sequence homology. Assuming 
a common ancestor and evolutionary divergence due to mutational events, 
selection pressure for biological function will, as a trend, result in similarity of 
amino acid sequence, three-dimensional structure and molecular function for 
all members of the protein family [41,43–45].  
 
To enhance the sensitivity in sequence similarity searches, it is necessary to 
apply sophisticated profile searches [46,95] embedded in complex search 
heuristics [14,29]. Since protein segment family collection, their alignment and 
the subsequent profile generation represent a considerable effort, domain 
libraries have become an indispensable tool for annotation of uncharacterized 
sequences. Among the publicly available collections, most notably are 
BLOCKS [54], CDD [57], EVEREST [61], libraries associated with IMPALA 
[62], PANTHER [59], PRINTS [55], ProDom [60], PROSITE [53], 
SUPERFAMILY [56] and, as the most used primary ones, Pfam [91,92] and 
SMART [17].  
 
Many domain libraries provide protein domain models in the form of hidden 
Markov models (HMMs) [16,95]. There is now more than a decade of 
empirical experience of using the program HMMER2 [16,95] for similarity 
searches with models mainly from Pfam and SMART. This technology is 
tremendously helpful and has become the cornerstone for annotating fully 
sequenced genomes. It should be noted that the recent release of HMMER3 
[15,145] does not override HMMER2. HMMER3 only partially substitutes for 
HMMER2 since (i) it has only a fragmentary but no global domain search 
variant [15,146]. (ii) HMMER3 is not tested to the extent of HMMER2 with 
regard to accuracy whereas the application of the latter has a record of a 
decade of important biological discoveries. Importantly, the hit lists of 
HMMER2 and HMMER3 are overlapping yet not identical. It is not clear at 
present whether HMMER3 in its present form will really become the 
mainstream in domain prediction. (iii) So far, only Pfam has changed to 
HMMER3 but not other domain databases such as SMART. Further, domain 
assignments in many sequence databases and in the literature have been 
generated with HMMER2 and have not been and will not be renewed with 
HMMER3. Thus, HMMER2 has some more time to live and understanding its 
way of E-value assignment remains relevant. The issue of exaggerated E-
values by HMMER2 has been noticed empirically by many in the community 
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[15,147]; yet, the reasons remained unclear. Although late, this article 
resolves part of the mystery. 
 
Correctness of a hit of an HMM model within a protein query sequence can 
either be taken with the gathering score criterion or be E-value guided. The 
gathering score, the lowest score of a known good hit without false positives 
having higher scores (at the time of model construction), is a conservative 
criterion; yet, it misses many good hits. We have extensively discussed the 
deficiencies of the gathering score approach elsewhere [21]. E-value guided 
annotation transfer allows deeper extrapolation into the sequence space 
when, at the same time, the false-positive error remains statistically 
evaluated. In the manual provided with HMMER2, Sean Eddy advises that 
“The best criterion of statistical significance is the E-value. The E-value is 
calculated from the bit score. It tells you how many false positives you would 
have expected to see at or above this bit score. Therefore a low E-value is 
best; an E-value of 0.1, for instance, means that there’s only a 10% chance 
that you would’ve seen a hit this good in a search of non-homologous 
sequences. Typically, I trust the results of HMMER searches at about E=0.1 
and below, and I examine the hits manually down to E=10 or so.” 
 
When using HMMER2-style HMMs, we anecdotally observed the trend for 
extremely low E-values for known good hits; yet, very large E-values (maybe 
50 orders of magnitude higher) for sequences that still share some stretches 
of similarity with the model and little sampling of the E-value space in between 
(e.g., see Supplementary File 4.1; supplementary files for this article are also 
available via http://mendel.bii.a-star.edu.sg/SEQUENCES/ProblemDomains-
JanusEvalue). In contrast to the vast changes in E-values, the respective 
scores are not so different. Apparently, a number of factors appear 
responsible for this behavior.  For example, the non-redundant database 
provides limited sequence sampling, the parameters of the EVD are not well 
estimated and this is aggravated in cases of long domains.  
 
There is also a technical reason that we wish to analyze in this article: For our 
previous work [21], we needed to compute sequence segment-based 
contributions to the total HMM-derived score. As a control, we tried to 
reproduce E-values generated with HMMER2 over a wide range of conditions. 
Surprisingly, we found a systematic divergence in E-values for large scores 
(Figure 4.1). When checking the HMMER2 code, we stumbled onto the 
switching between two statistical models for E-value generation (routine 
PValue in “Mathsupport.c”, see Supplementary File 4.2, comments in red). In 
essence, two p-values are concurrently calculated in this piece of code; one 
from the extreme-value distribution (EVD) and another from the logistic 
function. However, the smaller p-value is always selected for the final 
computation of the E-value (p-value multiplied by the size of the 
sequence/domain database). Thus, for some scores, E-values are calculated 
with an EVD; for other scores beyond a certain log odd score breakpointS  (see 
methods for its computation), a logistic function is applied (Figure 4.1). Since 
both functions used for E-value computation are monotonous, the breakpoint 
represents a point of switching between statistical models.  
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The inclusion of the logistic function into the E-value computation raises 
several issues for practical (automated) sequence annotation and theoretical 
justification. From a practical perspective, there will be a range of scores (the 
interval ( )upperlower SS , , Figure 4.1) for a number of domain models where some 
hits look insignificant based on EVD (given, for example, the threshold of 0.1) 
but become significant in the present HMMER2 framework since the logistic 
function produces more exaggerated E-values. From a theoretical 
perspective, having a hybrid of two statistical models (EVD and logistic 
function) complicates statistical inference of sequence similarity for homology. 
The comparability of E-values for hits matching the same sequence region 
becomes problematic since the E-values might be generated under two 
different statistical models. Furthermore, the logistic function as a statistical 
model to measure sequence similarity has not been justified fundamentally. 




Figure 4.1 Divergence plot of E-values with respect to the EVD (extreme 
value distribution) and logistic function beyond the breakpoint score 
Sbreakpoint 
For majority of the Pfam release 23 domain models in global-mode 
hmmpfam/hmmsearch mode, the logistic function will supercede the EVD for 
their E-value calculations beyond a breakpoint (see equation 4.8) along the 
positive score axis. Furthermore, some of these domains contain a critical 
region that bounded by the lower and upper score (equation 4.13 and 4.14) 




4.2.1 The overwhelming majority of domains in Pfam (release 23) 
switch between EVD- and logistic function-derived E-values 
in HMMER2 searches depending on score value 
 
We computed the critical score breakpointS  for the Pfam domain models in 
release 23, the last version dedicated to HMMER2 (see Methods, especially 
equations 4.8 and 4.10). For this purpose, the respective EVD parameters λ  
and µ  (which are in fact search-mode dependent and are different for the ls- 
(global) and fs- (fragment) domain searches) were extracted from the Pfam 
HMMs.  
 
We found that, for the ls- (global-) mode, an overwhelming majority (10337 
out of 10340) of domain models in Pfam has a positive breakpoint (and 
2log<<λ , see equation 4.8). In these cases, the EVD is used for E-value 
computation for scores below the breakpoint and is substituted by the logistic 
function for larger scores, a function with considerably steeper deceleration in 
E-value (Figure 4.2).  
 
The only exceptions with a negative breakpoint solution are PF02095.7 
(Extensin-like_protein_repeat), PF06049.4 
(Coagulation_Factor_V_LSPD_Repeat) and PF07391.3 
(NPR_nonapeptide_repeat) (their 2log>λ ; see Figure 4.2). These three 
cases are special since the logistic function always delivers a P-value that is 
larger or equal to the P-value from the EVD. Thus, the EVD is the only 
statistical model used for E-value calculation and the issue of switching 
statistical models is not relevant for these three models.  
 
For the fs-mode, there are 2136 domains with negative breakpoint ( 2log>λ ) 
and another 415 domains with a 2log≈λ  (between 0.6849 and 0.6931) 
resulting in a breakpoint with very large positive score value. In both cases, 
the EVD is below the logistic function over the full range and the only 
statistical function that is used for calculating E-values. For the remaining 
7789 domain models ( 2log<λ ), all switch from the EVD to the logistic 




Figure 4.2 Plots of EVD (extreme value distribution) and logistic function 
for a domain with parameter λ < log2 and λ > log2 respectively 
Based on the upper figure, for domains with EVD parameter λ < log2, the 
EVD (in red) and logistic function (in black) will cross over at some point on 
the positive score axis. We defined this as the breakpoint. When this 
happens, the E-value calculations will be based on the logistic function which 
is more aggressive in nature. On the other hand, for domains with EVD 
parameter λ > log2, cross-over between the EVD and logistic will not occur. 
Thus for these models, the E-value calculations are dependent only on the 
EVD (see lower figure). 
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4.2.2 Hundreds of domains in Pfam (out of 10340 in release 23) 
have a score interval with conflicting EVD/logistic function-
derived E-values based on global-mode HMMER2 searches 
 
The switching between statistics for E-value calculation remains non-critical 
from the annotation point of view if the E-value corresponding to breakpointS  is 
lower than the E-value threshold used for deciding true domain model hits 
(here and throughout this work, the threshold is 0.1, the value recommended 
by Sean Eddy in the manual provided with HMMER2). In cases where the 
breakpoint generates an E-value that is larger than the established threshold, 
a critical region  ( )upperlower SS ,  (equations 4.13 and 4.14) exists. More 
specifically, if a hit is being flagged significant by the EVD, it is also significant 
based on the logistic function since the latter produces a more extreme E-
value with the caveat that the error measure (i.e. E-value) becomes more 
impressive (Figure 4.1). Meanwhile, the converse argument is not true. 
Annotation decisions based on the logistic function may result in an 
underestimation of false-positive hits since more hits become insignificant 
when evaluated by the EVD. This issue is relevant for automated E-value 
guided extrapolations in annotation pipelines.  
 
Figure 4.3 depicts the histogram of breakpoint E-values (in logarithmic scale) 
for all domain models in Pfam release 23 based on global-mode searches. 
The result is influenced by the size of the database (equation 4.11 in 
Methods) and the cases of “hmmpfam” (with database size equal to the 
number of models) and “hmmsearch” (with database size equal to the number 
of sequences in the non-redundant database) should be distinguished. To 
recall, both EVD and the logistic function give the same E-value at the 
breakpoint.  
 
In the “hmmpfam” mode, we find that the median E-value in Figure 4.3 is in 
the order of 1.e-7. In total, 185 models have a critical score breakpointS  
corresponding to an E-value larger than 0.1 (Figure 4.3 and see 
Supplementary File 4.3 for their list) and, hence, these models give rise to the 
critical region ( )upperlower SS , . When tested with all query sequences from the 
non-redundant database (downloaded on 5th April 2010, 10818955=n ), we 
found that, out of the 185 models, this region is sampled by actual sequences 
in 145 models and, on average, 24.4% of all hits with E-value below 0.1 
(measured by the logistic function) belong to that interval. In the “hmmsearch” 
mode, we used the same non-redundant database and found 1748 domain 
models with breakpointS  corresponding to an E-value above 0.1 (Figure 4.3 and 
as a list in Supplementary File 4.3). Not surprisingly, the 185 domains from 
the “hmmpfam” case form a subset of the 1748 domains in the “hmmsearch” 
case. The principal difference between the two search modes is the size n  of 
the database (see equations (4.11)-(4.14) in Methods). As the database size 
increases over time, more domains are expected to acquire a critical region. 
The number of domains with a critical region depends on the database size. 
Thus, in these cases, an automated, E-value guided decision making 
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Figure 4.3 Histograms of breakpoint E-values from global-mode 
hmmpfam/hmmsearch on Pfam release 23 
The figure above depicts the histogram of log E-values of breakpoints for 
global-mode hmmpfam of Pfam release 23. In this case, the database size is 
10340. At an E-value of above 0.1, 185 Pfam models contain the critical 
region where the logistic function suggests the hits as being significant, yet 
the EVD says otherwise. Similarly, the figure below depicts the histogram of 
the log E-values of breakpoints for global-mode hmmsearch where the 
database size is 10818955. Given an increase in database size, more Pfam 
models are expected to contain the critical region even at the same E-value 
cutoff. In this case, this number increased to 1748. 
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Alternatively, a so-called gathering score, an expert-defined score threshold 
with the lowest score of a known good hit without known false-positives with 
higher score (at the time of model creation) is advised to decide between 
good hits and false matches. It should be noted that, for 37 out of the 185 
domain models (in the “hmmpfam“ mode) and 66 out of 1748 domain models 
(in the “hmmsearch” mode), the  gathering score is within the respective 
critical regions. Also, for 19 out of 185 (in the “hmmpfam” mode), their 
gathering scores are even less than lowerS . In the “hmmsearch” mode, this is 
the case for 1651 domain models out of the respective 1748. In the case of 
automated annotation assignment based on the gathering score approach, 
the accompanying E-value would be computed via the EVD up to the 
breakpoint and via the logistic function for scores above breakpointS . Thus, using 
gathering scores does not ensure calculation of E-values with one and the 
same statistical model.  
 
In contrast to the global-mode searches, switching between statistical models 
is not an issue for the fragment-mode searches. As a trend, the parameter λ  
for fragment mode is larger than that of the global mode. This gives rise to 
larger breakpoints that, in turn generate smaller P- and E-values. Though 
switching between EVD and logistic function still exists for nearly 80% of all 
domain models, the larger breakpoints shifts the switch into a region where 
both EVD and logistic function dive below the E-value threshold of 0.1. Thus, 
the issue is of no practical relevance here, although, of course, the logistic 
function generates considerably smaller E-values than the EVD in this region.  
 
4.2.3 Some examples of likely false-positive hits with only logistic 
function-derived E-value support in the hmmpfam global-
mode search 
 
Since the logistic function-derived E-values more optimistically evaluate the 
significance of a domain model hit, we especially searched for sequence 
examples that are supported by the E-value derived from the logistic function 
but not from the one calculated with the EVD approach. We wanted to know 
whether this discrepancy would lead to likely annotation errors only supported 
by the logistic function-derived E-value in an automated mode. Indeed, such 
examples do exist.  
 
For the beginning, we focused our search on domain models with 3D 
structural support. To further reduce the number of domain model hits for 
manual screening, we first also required that the score of such sequence 
examples was below or close to the respective gathering score of the domain 
model, hereby following the assumption that all larger-score hits are likely 
correct. At the stage of manual handling, we evaluated the alignment quality 
(especially, of the hydrophobic pattern) and the taxonomic diversity of the 
sequences with the potential hit (domain architectures that occur just for a 
single sequence more likely indicate false matching). Further, function 
contradiction of the apparently false-positive hit overlapping with a more 
significant domain hit provided further evidence for the conclusion. Exemplary 
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results from this search are provided in Table 4.1 (listed with ascending entry 
number) and Figure 4.4 (the respective alignments are shown in 
Supplementary File 4.4).  
 
Sequence XP_001373560.1 appears to be a sugar transferase; yet, the 
cytochrome B559 domain (PF00283.11, from photosystem II) hits into the 
sequence providing a function conflict. The next sequence (ZP_01450808.1) 
contains a seryl-tRNA synthetase domain but this annotation is conflicted by 
another domain (PF00627.23 UBA, an ubiquitin associated domain) at a lower 
significance. Similarly, the ABC transporter domain of sequence YP_796932.1 
is also in conflict with a domain hit (PF01402.13 RHH_1, a Ribbon-helix-helix 
protein of copG family) of lower significance.  
 
The next two examples of an isolated hemerythrin domain (actually half of the 
domain is encoded in PF01814.5; thus, two subsequent hits are required) in 
XP_391082.1 (besides the S15 ribosomal domain) and in XP_781670.1 
(hitting two structural helices of a kinase domain) are clearly also false 
positives since the other domain half cannot be placed into the sequence. 
Similarly, the YP_233518.1, a sporulation factor, has an isolated ACT 
(PF01842.17) hit when two subsequent ones are required for the full domain 
and this hit conflicts with a NACHT/PF05729.4 domain.  
 
YP_001633696.1 is an example of a function conflict, a methyltransferase 
with a false-positive endonuclease domain (PF01844.5) hit. To note, the 
respective alignment has a large gap including the 310-helical segment in front 
of a β-strand. Finally, the bacterial pre-peptidase (C-terminal domain, 
PF04151.7) should be observed in concert with its N-terminal; yet, its isolated 
hit is a false-positive both in YP_433983.1 (a fibronectin) and in NP_521905.1 
where it covers the boundary region of two other neighboring domains (the 
strong hits of FlgD/PF03963.6 and DUF2271/PF10029.1). 
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Table 4.1. Summary of likely false-positive hits in selected Pfam 
domains (detected by global-mode hmmpfam runs) 
 
The first column provides the Pfam entry number (release 23) and an excerpt 
from the domain model description. In the second column, a representative 
structure for the given model is listed together with the literature reference. 
The accessions of protein sequences (together with a running example 
number and the sequence length) as well as comments from their database 
description are presented in columns three and four. The last column provides 
the following pieces of information: (i) the score and (ii) the E-value of the 
Pfam mode hit returned by hmmpfam (HMMER2; i.e., the E-value from the 
logistic function), (iii) the number of domain hits and (iv) the E-value for the 
same hit from the EVD. 
 
 
Domain name Reference 
structure 
PDB id 









(Cytochrome b559, alpha 




alignment length: 29 






PREDICTED: similar to beta-1,4-
N-acetyl-galactosaminyl 





UBS (UBA/TS-N domain) 
 
GA: 22.4 
alignment length: 46 
















alignment length: 40 



















alignment length: 110 










hypothetical protein FG10906.1, 
Gibberella zeae PH-1 
 
PREDICTED: similar to adenylate 














alignment length: 81 

















alignment length: 133 






methyltransferase type 11, 









alignment length: 175 












fibronectin type III domain-




basal-body rod modification 













Figure 4.4 Domain architecture of selected likely false-positive hits 
(detected in the hmmpfam mode) 
The illustrations refer to accession numbers and descriptions in Table 4.1.  
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4.2.4 More examples of likely false-positive hits with only logistic 
function-derived E-value support in the hmmsearch global-
mode search 
 
The following exemplary false-positive sequences were first isolated by 
hmmsearch runs and then re-annotated via hmmpfam (see Table 4.2 and 
Figure 4.5, alignments are provided in Supplementary File 4.5). It should be 
noted that all these examples produce formally impressive E-values since 
hmmsearch (and hmmpfam) route the score into the logistic function routine; 
yet, these examples would escape any attention if only the EVD-based E-
value calculation would be applied. For selection of the examples, we applied 
criteria similar to the ones in the previous section.  
 
The first example, the sequence NP_001146906.1 is clearly an apurinic 
endonuclease-redox protein. Nevertheless, the domain SAP (PF02037.19) 
has a single, apparently significant but false-positive hit in this sequence; it 
should be noted that two of such hits would be required for a full SAP domain. 
Though its hmmpfam annotation includes an additional insignificant SAP 
domain (that overlaps with the true hit of the “Exo_endo_phos” domain model 
PF03372.15), its overall score/E-value is made significant artificially by the 
logistic function.  
 
In the case of sequences YP_002512543.1 and ZP_05026152.1, both are 
serine/threonine protein kinases. They have a single, weak HEAT_PBS 
domain hit (PF03130.8, found in phycobilisomes (PBS) that are peripherally 
attached to the photosynthetic membrane). In the hmmpfam mode though, 
there is a large number of such hits that add up for an impressive E-value. 
Nevertheless, they are false-positives since they provide a function 
contradiction.  
 
Next, the 4-diphosphocytidyl-2-C-methyl-D-erythritol kinase, ZP_01993497.1 
has an apparently significant, nevertheless false Secretin_N hit (PF03958.9, 
the Secretin_N domain hits should occur in tandem and there is a function 
mismatch, too) which was expectedly more significant in the hmmpfam mode. 
Please note the large difference in E-value: 1.8e-6 for the logistic function and 
0.38 for the EVD.  
 
The next two sequences XP_001638172.1 and ZP_03700647.1 (a 
scramblase and a ribosomal protein) hit a Rho_N domain (PF07498.4) at their 
C-terminus (when the N-terminal should be expected) without the 
Rho_RNA_bind domain (PF07497.4) and, hence, suggest function 
contradiction.  
 
Finally, ZP_03708976.1 is a spore coat protein H with a single FIVAR domain 
hit (PF07554.5, two FIVAR domains are required) and, again, its hmmpfam 
score/E-value is artificially exaggerated due to the inclusion of two 
insignificant FIVAR domain hits. 
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Table 4.2. Summary of likely false-positive examples in selected Pfam 
domains (detected by global-mode hmmsearch runs) 
 
The first column provides the Pfam entry number (release 23) and an excerpt 
from the domain model description. In the second column, a representative 
structure for the given model is listed together with the literature reference. 
The accessions of protein sequences (together with a running example 
number and the sequence length) as well as comments from their database 
description are presented in columns three and four. The fifth column provides 
the following pieces of information: (i) the score and (ii) the E-value of the 
Pfam mode hit returned by hmmsearch (HMMER2; i.e., the E-value from the 
logistic function), (iii) the number of domain hits and (iv) the E-value for the 
same hit from the EVD. In the last column, the same four values are 
presented if the hits are computed with hmmpfam. 
 
 
Domain name Reference 
structure 
PDB id 
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Rho_N (Rho termination 
factor, N-terminal domain) 
 
GA: 31 
alignment length: 51 
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Figure 4.5 Domain architecture of selected likely false-positive hits 
(detected in the hmmsearch mode) 




4.3.1 EVD as the correct statistic to evaluate the significance of 
sequence alignments 
 
The question of statistical significance of an alignment between two 
biomolecular sequence segments with reference to a user-defined scoring 
scheme (or of a sequence and a profile) has been the center of attention 
within the computational biology community for many decades [160–162]. 
There are two principal ways of approaching the problem – by generating 
databases of random sequences or by deriving closed form expressions for 
the asymptotes of the statistical distribution. The most remarkable result of 
this research is the finding that an extreme-value distribution is the statistic 
that characterizes the significance of local ungapped alignments [163,164].  
 
On this basis, BLAST [165] has become the first sequence similarity search 
tool with statistical significance estimation of hits via E-values and, for the first 
time, it became possible to objectively assess the validity of generated 
alignments. It should be noted that there is some dependence on the 
monomer composition in the sequences; the distribution changes for biased 
compositions what can be corrected for with some modifications [30,166–
169]. From the practical point of view, suppression of sequence regions with 
biased composition or simple repeats before submission to sequence 
similarity searches is still the better alternative since it provides improved 
sensitivity. In this way, false-positive matches due to biased regions are a 
priori excluded [21,29].  
 
4.3.2 Cause of divergence in HMMER2 E-values from the EVD 
distribution and the issues of E-value generation by the 
logistic function 
 
The HMMER package does make use of the improved scientific 
understanding of significance estimates for profile-sequence matches. The 
EVD is included as an option for computing E-values. In addition, a simpler 
formulation with the logistic function (called “sigmoid” by Sean Eddy on page 
48 of the User Guide for HMMER2 from October 2003) is used. In the 
comment lines of the HMMER2 source code (mathsupport.c, see 
Supplementary File 4.2), the EVD is called the tighter bound. Thus, the 
creator of HMMER2 considered that the jumping between two statistical 
models has no real practical importance since, EVD-based E-values will be 
used as a rule. As we know now, this is indeed true for the fragment mode 
both in hmmsearch and hmmpfam. Even if there is a region where the logistic 
function-based E-values are smaller than those calculated with EVD (for 
about 75% of all models, such regions do exist at large positive breakpoints 
breakpointS ), this happens only in regions with very large scores where both 
statistical models generate E-values below 0.1.  
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Surprisingly, this is different for the global mode. As a trend, the parameters 
λ  of the EVD are smaller for the global mode than for the fragmented mode; 
thus, there are more cases of domain models for which switch points breakpointS  
correspond to sufficiently low scores so that they can give rise to critical score 
regions (see Methods, equation 4.12). In Tables 4.1 and 4.2 (see also Figures 
4.4 and 4.5), we provide some examples that, for the global mode, the 
switching between statistical models indeed influences annotation results. Of 
course, all false-positive hits of this kind can be suppressed by manual 
intervention. Yet, this switching from the EVD to the logistic function is a 
cause of systematic errors in an automated sequence annotation system.  
 
To note, the sensitivity of the domain model (measured as steepness of 
decrease of E-values for growing scores) is dependent on the EVD parameter 
λ . For scores sufficiently large (where 12log >>se ), the logistic function mimics 
an EVD with parameters 0=µ  and 2log=λ . Hence, for those Pfam models 
with the switching to the logistic function, their final λ  after the switch are 
fixed at log2. In addition, since global models on average have smaller switch 
points breakpointS  than fragment ones (42 versus 197), all global models (except 
for PF02095.7, PF06049.4 and PF07391.3) adopt the forced fed 2log=λ  
relatively early on the score axis discarding their model-specific λ . Taken 
together, it is not surprising that the global Pfam models are reportedly more 
sensitive than the fragment mode models despite their gentler EVD 
parameters of )068.0,191.0(~ Nglobalλ  (normal distribution with mean and 
standard deviation in parentheses) as compared to )051.0,668.0(~ Nfragmentλ . 
 
4.3.3 Validity of the logistic function in HMMER2 to evaluate the 
significance of sequence similarity 
 
Essentially, it appears to us that there is no clear reason why a logistic (or 
“sigmoid”) function should be included into the E-value calculation routines 
other than for cosmetically increasing the sensitivity of the domain models. 
This is especially true for domain models that generate lower scoring hits in 
the global mode. To emphasize, the domain model parameters generate, as a 
trend, lower scores in the global mode compared with the fragment mode 
(arithmetic averages of the µ  parameters over all domain models in Pfam 
release 23 result in -149.1 and -10.0 for the global and fragment modes 
respectively whereas the corresponding medians are -110.9 and -10.0). Thus, 
there is no clear advantage visible from the practical point of view.  
 
For high scores of hits that are anyway significant, the logistic function creates 
the impression of excessive significance by creating E-values of several 
orders of magnitude lower than that of the EVD. We have seen that, in the 
twilight regions for some domain models, the logistic function-based E-values 
support a confidence in hits that is unfounded. Maybe, it was thought in the 
first years of HMMER that EVD parameters would not be readily available for 
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all domains and, in these cases, the logistic function could supply some rough 
E-value substitute.  
 
And there is also no theoretical argument in support for the jumping between 
statistical models. As the distribution of a sum of independent, identically 
distributed random variables is normally distributed, the maxima of 
independent, identically distributed random variables are extreme-value 
distributed. Not surprisingly, optimized scores of matches between unrelated 
random sequences follow the EVD. The EVD has been demonstrated to 
reliably estimate significance of sequence matches both via theoretical 
derivation and numerical experiments [163,164]. There is no body of theory 
behind the logistic function for this purpose.  
 
In contrast to EVD, the logistic function is symmetrical with regard to low and 
high scores. The rationale is straightforward; given the same score, the area 
under the curve for the right-hand side of the logistic function is smaller than 
that of the EVD since it does not extend as far into the infinity score axis, thus 
always resulting in a smaller P-value. Conversely, the area under the curve 
for the left-hand side of the EVD is smaller than that of the logistic function 
since the total area must add to one. As a result, the E-value computation in 
HMMER2 is essentially based on a hybrid p-value distribution composed of 
the left-hand side of an EVD and the right-hand side of a logistic function.  
 
It is known that the difference of two maximum Gumbel distribution (Type I 
EVD) equates to the logistic function [170]. Thus, insisting on the relevance of 
the logistic function as statistic requires arguments for justification of a second 
EVD. This appears a problematic endeavor. Finally, using a hybrid distribution 
model (switching from EVD to logistic function with increasing score) without 
clear resolution of the fundamental problems questions the comparability of E-
values computed for different Pfam models over the same sequence region. A 
statistician might consider the hybrid distribution a betrayal of pure tenets; yet, 
we wish to emphasize that the creator of HMMER has rightfully not seen this 
being a big issue since, indeed, the fragment mode is practically unaffected.  
 
4.3.4 About the domain model-specific divergence between the 
EVD and the logistic function 
 
With reference to Figure 4.1, it appears of interest to ask how the angle ζ  
changes depending on the domain model-specific properties of the EVD. 
Essentially, the angle ζ  is a measure to which extent the E-value deviates 
from the “truth”. Analytically, the relationship is given by equation (4.15) in the 
Methods section; graphically, the relationship between the angle ζ  and the 
EVD parameter λ  is presented in Figure 4.6 for the 185 cases found for the 
“hmmpfam” global-mode search. Inspection shows that a group of 161 
domains (all having less than 110 positions) cluster at the upper right of the 




Strikingly, there is an outlier group of 24 domain models with 05.0<λ  and 
o15−<ζ (see Table 4.3). These are very long models (between 640 and 1460 
alignment positions) that clearly contain more than one actual domain. Score-
wise, the most significant true hits of these models are strongly separated 
from their best matches in other sequences (see hmmpfam outputs in 
Supplementary File 4.6 and also the example in Supplementary File 4.1), 
mostly, without any sampling of the intermediate region (small λ  means small 
spread in scores). It appears that, in these cases, the domain model 
essentially memorizes the seed alignment and cannot extrapolate into the 
sequence space. Due to the insufficient sampling, the EVD parameters 
cannot be well determined from the empirical distribution of best scores in the 
sequence database (i.e., the database does not provide a good estimate for 
random sequence matches) and, hence, a revision of the long domain models 
might be advisable in context of the global-mode search.  
 
The results for the 1748 domain models that were found in the “hmmsearch” 
global-mode search are similar. In total, 1697 models have o15−>ζ  and 
05.0>λ . Their lengths are all less than 400 positions. The outlier group of 51 
domains with o15−<ζ  and 05.0<λ  has domain lengths between 640 and 
1547 positions.  
 
In the Supplementary File 4.1, the global-mode “hmmsearch” result for Pfam 
domain model PF00311.9 (Phosphoenolpyruvate carboxylase with 960 
positions) is shown. Its breakpoint occurs at score 11.7 with the 
corresponding E-value of 3.03. Beyond the breakpoint with increasing score, 
the E-value is returned by the logistic function as an exaggerated value. The 
top hit Q01647.1 with the score of 2796.7, the one with the largest score, has 
an EVD E-value of 8e-11 scaled all the way down to the E-value of 0 (a value 
smaller than the smallest represented positive number, certainly <1.e-300) by 
the logistic function. Thus, the change in order of magnitude is extremely big 
and solely caused by switching the statistical model. 
 
On the other hand, we also have hits with EVD E-value > 0.1 that show 
stretches of impressive sequence matches but deemed as insignificant under 
the EVD statistical model (for example, YP_003108745.1). Given the length of 
this particular domain model, the global-mode can drastically under-sample 
random sequence matches and, thus, creates extremely small λ  (<0.05). 
This leads to the underestimation of significance for those apparently good 
hits. 
 
For these long domain models, the EVD statistical model can generally 
underestimate the significance of sequence matches. Yet ironically, it 
exaggerates the significance for hits with larger scores. In hindsight, the lack 
of sequence sampling in between the extremes of E-values is just an illusion 




Models with small λ ( 05.0<λ ) and large negative ζ  ( o15−<ζ )  
 
Accession  Description 
 
PF04730.4  Agrobacterium_VirD5_protein 
PF02029.7  Caldesmon 
PF00311.9  Phosphoenolpyruvate_carboxylase 
PF02691.7  Vacuolating_cyotoxin 
PF10433.1  Mono-functional_DNA-alkylating_agent_methyl_methanesulfonate 
PF08377.2  MAP2_Tau_projection_domain 
PF06933.3  Special_lobe-specific_silk_protein_SSP160 
PF04094.6  Protein_of_unknown_function_DUF390 
PF05567.3  Neisseria_PilC_protein 
PF05483.4  Synaptonemal_complex_protein_1_SCP-1 
PF03971.6  Monomeric_isocitrate_dehydrogenase 
PF03344.7  Daxx_Family 
PF07111.4  Alpha_helical_coiled-coil_rod_protein_HCR 
PF05955.3  Equine_herpesvirus_glycoprotein_gp2 
PF07218.3  Rhoptry-associated_protein_1_RAP-1 
PF04147.4  Nop14-like_family 
PF03157.5  High_molecular_weight_glutenin_subunit 
PF03429.5  Major_surface_protein_1B 
PF09731.1  Mitochondrial_inner_membrane_protein 
PF02057.7  Glycosyl_hydrolase_family_59 
PF05474.3  Semenogelin 
PF04931.5  DNA_polymerase_phi 
PF07217.3  Heterokaryon_incompatibility_protein_Het-C 




Figure 4.6 Dependence of the angle ζ  on the EVD parameter λ  
The data involves 185 domain models that have a critical region in the 
hmmpfam global search mode. The analytical relationship is provided with 
equation 4.15 (methods section). 24 domain models with 05.0<λ  and 
o15−<ζ are clear outliers.  
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4.3.5 About the E-value computation in HMMER3 
 
The code of HMMER3 is completely new compared to HMMER2 and this 
includes also the E-value computing routines that are based solely on EVD-
type functions. In our testing with a variety of domain models from Pfam 
release 24, we did not see any breakpoint as described in Figure 4.1. 
Interestingly in HMMER3, the λ  is predetermined by 
hN
44.12log +  where h  is 
the average relative entropy per match state emission distribution, typically 
about 1.8 while N  is the length of the query model, typically about 140 [15]. 
Apparently, all Pfam models in release 24 have 2log>λ . Indeed, the 
distribution of λ  for Pfam release 24 is )0008.0,711.0(~ Nλ  as calculated by 
us. It should be noted that this normal distribution is quite close to that of the 
of the fragment mode parameters in Pfam release 22 and 23 
( )051.0,668.0(N for both cases) whereas the mean value for λ  in the global 
mode is much lower. It remains open to which extent domain length and 
sequence space sampling by the database will influence the EVD parameters 
for the global mode (glocal as coined by Sean Eddy, p.4 in [15]) and whether 
a global mode option might be useful for further versions of HMMER.  
 
The choice for an almost constant, high λ  close to the magic value log2 for 
fragment mode models is based heavily on the work by Bundschuh, 
Milosavljević, Yu, Hwa et al. [162,171–173] that both Viterbi scores of Gumbel 
distribution and Forward scores of exponential function has a fixed zlog=λ  
where z  is the base of the logarithm used of the log-odd scoring system . It 
should be noted that, in the case of 2log>λ , the EVD is always below the 
respective logistic function and no switching would occur (Figure 4.2).  
 
Due to larger λ , the release 24 Pfam models are theoretically expected to 
have steeper E-value decrease for growing score (thus, higher sensitivity) 
than those from Pfam release 23 where most of the models (10337 for global 
mode, 7789 for fragment mode) have 2log<λ . Ironically, the median 
gathering threshold for Pfam release 24 is lower than that of release 23 local 
models (21.4 versus 25), suggesting that the threshold needs to be lowered 
for comparable sensitivity. Also, it remains to be seen whether it is wise to 
adopt almost the same λ  for the all Pfam release 24 models given that 
sequence space is usually biased. Sean Eddy himself has noted that some 
Pfam models (e.g. Ribosomal_L12 and XYPPX) have a λ  that is significantly 
different from log2 (p. 7 in [174]).  
 
Time will provide arguments whether HMMER2 will finally be substituted by a 
version of HMMER3 and whether the list of discoveries made with HMMER3 
can rival that of its predecessor. Since HMMER2 and HMMER3 generate 
different hit lists, it might become difficult to reproduce earlier publications, for 
example those on the evolutionary history of particular domains. The testing 
of the relative performance is a piece of laborious research that goes clearly 
beyond the scope of this article. Such a comparison has to verify whether 
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differences in sensitivity between HMMER2 and HMMER3 are truly the result 
of changes in the respective theoretical frameworks or just a profane 
consequence of parameter adjustments such as gathering scores for the 
respective domain model releases. Regardless of the difficult theoretical 
questions associated with significance assessment of domain model hits, it 
seems that, so far, nothing can substitute for the experienced eye of a 
sequence-analytic researcher in evaluating the biological relevance of 
predictions before they are proposed for experimental follow-up. 
 
4.4 Materials and methods 
 
4.4.1 Derivation of the breakpoint point score for a domain model 
 
In the following, we rely on the derivation of significance criteria provided by 
Sean Eddy in his HMMER2 manual from October 2003 (pp. 47-50). According 
to the Bayes’ theorem, the posterior probability of the null hypothesis N  given 
the profile HMM (hidden Markov model) M and data D  (the score of the 
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Assuming that prior probabilities are equal probable (i.e., )()( NPMP = ), the 






NDPDNP =   (4.2) 
where )|(1)|( DNPDMP −= . 
 
On the other hand, the probability of type I error for pair-wise alignment 
scores of a given HMM is denoted by )( sSP ≥  where s  is the log odd score of 
a particular alignment. Hence, the posterior null probability is related to the 





NDPsSP =≥  (4.3) 
The first part of the right side is a log-odd ratio that, following the HMM 





NDP −=    (4.4) 
For ( )DMP | , a sigmoid-type dependency between 0 and 1 is assumed and, 
given the form of (4), the simple arithmetic expression was selected by Sean 
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Alternatively, the significance can be estimated via an EVD. Indeed, if we 
assume the scores of an HMM positioned over all segments of a sequence 
being normally distributed, their maxima collected from all sequences in the 
database are extreme-value distributed [175]. In this case, the arithmetic form 

















  (4.7) 
 
Both functions (4.6) and (4.7) are monotonous; yet, the logistic function 
approaches unity typically at smaller s  than the EVD. Thus, there is a 
breakpoint point 'sSbreakpoint =  that occurs at )'()'( sSPsSP logisticEVD ≥=≥ . Its 















For sufficiently large, positive values of 's (i.e., 0'>>s  and µ>'s ), all terms 
except for the first one on the left side can be omitted (as well as the unity in 























λµs    (4.8) 
 
For the remaining case of negative and sufficiently large values of 's  (i.e., 
0'<<s ), we  derive the approximated equation for the breakpoint from the 











−−− µλ   (4.9). 
 
Note that the expression 2log'se  approaches zero with negative 's  (its value is 
denoted by c  below) and, hence, the right-hand side approaches one. 






−−− µλ  and ))log(log()( cs −−=− µλ  resulting in 
 
λ
µ ))log(log(' cs −−=   (4.10) 
 
To prevent undefined expressions involving log in practical calculations with 
equation (4.10),  c  is set at 10-5. Note that all the values µ  in Pfam models, 
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whether for global or fragment searches, are negative. Hence, equation (4.8) 
gives a positive result while (4.10) delivers a negative value for 's  as 
expected.  
 
In the routine “PValue” from the source file “Mathsupport.c” (see 
Supplementary File 4.2), HMMER2 selects the smaller (called P below) of the 
two values logisticP  and EVDP  for further computation of an E-value via 
 
( ) ( )snPsE =  (4.11) 
 
where n  is the database size. Thus, P-value calculation switches from the 
EVD to the logistic function for scores above breakpointS . Therefore, E-values 
decrease in a more pronounced manner with growing score than could be 
expected from the EVD (Figure 4.1).   
 
4.4.2 Critical region of E-value ranges where insignificant EVD-
derived E-values meet significant logistic function-derived E-
values 
 
We calculated breakpointS  for the global search mode that forces complete 
domain model hits inside query sequences (the so-called ls-mode) both for 
the hmmpfam ( n  = number of Pfam models = 10340 for Pfam release 23 
[91,92]) and hmmsearch ( n  = number of sequences in the non-redundant 
database = 10818955 (NR from 5th of April 2010)) HMMER2 applications.  
 
Conclusions with regard to the validity of HMM hits in query sequences can 
be made in two ways. On the one hand, so-called gathering scores are 
applied that correspond to lowest score values of known true hits without false 
hits with higher score. In such a scheme, significance estimates are 
essentially not necessary. Alternatively, the goodness of HMM hit is evaluated 
with critical E-value thresholds of acceptable false-positive prediction. The E-
value threshold recommended by Sean Eddy in his HMMER2 manual from 
October 2003 (p. 43) is 0.1. It should be noted that, by far, breakpointS  values for 
most HMM models in Pfam correspond to E-values clearly below 0.1 in any 
tested search HMMER2 regime. Thus, switching between the two statistical 
functions has no effect on the significance conclusion; yet, it adds to the 
cosmetics of the results by creating impressively low E-values for many good 
hits.  
 
Unfortunately, there are some domain models for which breakpointS  corresponds 
to an E-value considerably larger than 0.1 (Figure 4.1). In these cases, there 
is a critical score interval ( )upperlower SS ,  excluding the boundary with the 
condition 
( ) ( ) ( ) 1.01.0:, <∧>∈∀ sEsESSs logisticEVDupperlower . (4.12)  
Thus, it can happen for some scores that an E-value calculated with EVD is 
not significant but that with the logistic function is. 
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The limiting score upperS  can be found by solving the EVD (equation 4.7) for 

























µ    (4.13) 
 
Similarly, the lower limit score lowerS  results as argument of the logistic 



























1   (4.14) 
 
With reference to Figure 4.1, we can determine the angle ζ  between the two 
straight lines representing the EVD and the logistic function at their crossing 
point breakpointS  via 































ζ . (4.15) 
Following equations (4.8) and (4.13), ζ  depends mainly on λ  and is, as a 
trend, linearly related to it (Figure 4.6) 
 
4.5 Supporting Information  
 
Additional data files for this chapter are also available via http://mendel.bii.a-
star.edu.sg/SEQUENCES/ProblemDomains-JanusEvalue/ 
 
Supplementary File 4.1 
Hmmpfam output of the Pfam domain PF00311.9 (Phosphoenolpyruvate 
carboxylase) when searched against the non-redundant database. We used 
the command “hmmsearch –Z 10340” to annotate sequences with just this 
particular domain and to have E-values that equal to those searched with 
hmmpfam. The results contain true hits with extremely low E-values as well as 
good hits with large E-values. The E-value space in between the extremes is 
undersampled. 
 
Supplementary File 4.2 
Source code of ‘Mathsupport.c’ in HMMER2 package with additional 
commentary lines. 
 
Supplementary File 4.3 
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Detail information associated to the 185 and 1748 domain models detected by 
global-mode hmmpfam and hmmsearch respectively. 
 
Supplementary File 4.4 
The concatenated HMMER2 outputs of the nine false-positive hits detected by 
global-mode hmmpfam as listed in Table 4.1 and illustrated in Figure 4.4. 
 
Supplementary File 4.5 
The concatenated HMMER2 outputs of the seven false-positive hits detected 
by global-mode hmmsearch as listed in Table 4.2 and illustrated in Figure 4.5. 
 
Supplementary File 4.6 
The archive (in WinRAR format) of the 24 outlier Pfam domains with small λ  
and large negative ζ  listed in Table 4.3. 
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5 Not all transmembrane helices are born equal: 
Towards the extension of sequence homology 




In a previous publication [21], we provided evidence that the inclusion of 
transmembrane segments (TMs) or signal peptides (SPs) into models of 
protein domains can result in apparently statistically significant, yet unrelated 
hits when these models are applied to similarity searches in protein sequence 
databases. This observation can be rationalized within the current formulation 
of the sequence homology concept [21,28,41,46,176,177]: SP/TM regions are 
essentially hydrophobic stretches that, in a first approximation, are similar to 
each other regardless of evolutionary origin due to functional pressures. The 
alignment with a SP/TM region produces many coincidences of hydrophobic 
positions that create the appearance of hydrophobic pattern similarity, 
otherwise the key criterion for similarity of the hydrophobic core and of the fold 
among globular proteins [46]. Whereas for globular domains, sequence 
similarity is interpreted as evolutionary divergence from a common ancestor, 
these sequence similarities are more likely the result of evolutionary 
convergence. 
 
More generally, SPs/TMs can be considered a special case of non-globular 
segments in protein sequences where the concept of sequence homology 
originally developed for soluble globular domains is not directly applicable 
[21,46]. Non-globular segments are characterized by amino acid 
compositional bias or primitive repetitive patterns [46,63,64]. Sequence 
similarity among non-globular segments is not so much an evidence for 
common evolutionary ancestry as for the similarity of functionally critical 
physico-chemical constraints. Therefore, it is strongly advisable to exclude 
non-globular sequence segments from starting sequences used for similarity 
searches in sequence databases [14,28,46,64,120].  
 
The work presented in this article has essentially emerged in response to an 
important comment by one of the reviewers of our previous publications [21]; 
namely, the complete exclusion of TMs from domain models in libraries such 
as Pfam [19,20] “would be a huge disservice to the community” and certain 
domain models involving TM regions have proven instrumental in protein 
family classification as, for example, in the cataloging of membrane 
transporters by Saier and coworkers [130,131,178]. Indeed, with additional 
expert insights and manual interference into the annotation process [128,179], 
certain types of multi-membrane proteins can be satisfactorily defined or 
classified via sequence similarity. Some representative examples are the 4-
TM helices domain HTTM (horizontally transferred transmembrane) [79] in the 
SMART database [17,18], the rhomboid protein family [180–182], the TCDB 
(Transporter classification database) [130,178] and the GPCRDB (G-protein 
coupled receptor database) [183,184]. 
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In [21], we mention that SP/TM regions have a trend towards low sequence 
complexity compared with α-helices from structural proteins; yet, in multi-TM 
proteins, this trend is not as pronounced as in TMs of single-TM proteins or as 
in signal peptides. In this work, we build on this observation and derive criteria 
that distinguish TM regions with structural/functional particularities (to be 
called ‘complex’ TMs) from mere hydrophobic stretches (to be called ‘simple’ 
TMs). In one type of integral membrane proteins, the general architecture 
consists of a globular segment that confers its biological function and a single 
helix that anchors the protein to the lipid bilayer as a result of physiological 
requirements (merely a hydrophobic stretch, most likely due to convergent 
evolution). An example is the APMAP (adipocyte plasma membrane-
associated protein) which is a Type II membrane protein with a N-terminal 
anchor and a C-terminal six-bladed β-propeller extracellular domain with 
potential hydrolase activity [8]. The other type is exemplified by multi-spanning 
TM proteins where several TM helices are stitched together via rather short 
loop regions. With minimal soluble globular content if at all, their biological 
functions must be governed by the TM helices. As an example, the function of 
rhodophosin, a 7-TM GPCR (G-protein coupled receptor) is conferred by six 
of its seven TM helices [185–187]. From a probabilistic perspective, it would 
be an extremely rare event for six TM helices to evolve independently through 
convergent evolution to confer the protein’s enzymatic function. Homology 
(due to common ancestry) would be the more viable explanation for such 
“functional” TMs. Considerable problems for interpretation arise for the ‘in-
betweeners’, that is, when a protein is mostly globular; yet, it has a few TM 
helices the functional role of which is not clear. An example is the PIG-P 
protein (phosphatidylinositol N-acetyl-glucosaminyl transferase subunit P) 
[97]. 40% of the sequence is covered by its two TM helices and 60% is 
globular.  
 
For sequence similarity applications within the sequence homology concept 
(i.e., for the extension of the homology concept to membrane proteins), a 
quantitative criterion for distinction between complex and simple TMs would 
be very helpful, not only in the context of automated annotation pipelines. In 
this work, we explore the empirical distribution of TM regions collected from 
the protein sequence database with regard to sequence properties and we 
find fundamental evidence supporting the classification in complex and simple 
TMs. Simple TMs were found to have less variable amino acid composition 
and to be enriched with hydrophobic residues while the complex ones harbor 
polar/charged residues and glycine/proline residues that change structural 
parameters of TM helices. As a consequence, the simple helices tend to have 
a higher propensity for membrane insertion than the complex helices. 
Although we find that simple TMs prevail in single TM proteins, they can also 
co-exist with complex helices in multi-TM proteins. Using the TCDB dataset 
[130,178], we show that masking of simple TM helices in homology searches 
improves the false-discovery rate of searches without compromising on the 
sensitivity while masking the complex ones wreaked havoc to the latter.  
 
Likewise, complex helices can also be observed in proteins with only a few or 
a single TM region. We show that the application of the sequence homology 
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concept can be justified for such complex helices that we find in single-TM-
spanning proteins implicated in diseases and in immune signaling [188]. 
Taken together, either simple or complex TM helices can exist in integral 
membrane proteins regardless of their topologies. In this regard, common 
ancestry appears not an exclusive business of the complex TM helices within 
the multi-spanning membrane proteins. 
 
We present a quantitative necessary criterion based on hydrophobicity and 
sequence complexity assessment of TM regions to distinguish simple TMs 
from other cases. We also explore the likelihood of occurrence of simple or 
complex TMs depending on the number of TMs in the membrane protein. For 
the convenience of the reader, all datasets used in this work and many raw 
computation results are available at the WWW-site http://mendel.bii.a-
star.edu.sg/SEQUENCES/ProblemDomains-TM-classification/ for download.  
Similarly, the data can be accessed at the mini-website supplied as 




5.2.1 Peculiarities in the sequence property distributions of 
integral membrane proteins suggest that TM helices can be 
simple or complex 
 
In total, 181132 TM helices from single and multi-spanning membrane 
proteins were extracted from the UniProt annotation file (dated 16-09-2010) 
based on the keyword FT_TRANSMEM. For each TM helix, we calculated two 
values - hydrophobicity and sequence complexity. For the hydrophobicity 
computation, the octanol-to-interface scale [189] is used as a measure of 
membrane insertion propensity (although with reversed sign to have high 
values coincide with high hydrophobicity). The window size of 19 is taken from 
the original work [190], the final value is the average over all windows. For 
determining sequence complexity, we used a modified form of Shannon’s 
entropy formula where IVL is considered as a single group and all other amino 
acid residue types as individual (see below for justification). Window size is 12 
and we average over all windows of a given TM.  
 
Figure 5.1A shows a three-dimensional fin-shaped histogram of all TM helices 
spanning diagonally across the sequence complexity and hydrophobicity 
space. The cross-section of the skewed histogram (Figure 5.1B) shows a 
tear-shaped scatter plot. The medians of 16 sets of membrane-spanning 
proteins (15 sets each containing TMs from 1-, 2-, 3-, ...,14- or 15-TM proteins 
and another of TMs from proteins with 16 or more TMs) are denoted by black 
circles and connected in an ascending order starting from the single-TM-
spanning set. The connected path clearly shows that the medians move 
towards high complexity/low hydrophobicity and finally converge to a singular 
cloud beyond the 5-TM spanning set. This observation suggests that, on 
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average, the single-TM-spanning and the multi-TM-spanning transmembrane 
helices are different in sequence complexity and hydrophobicity. 
 
To amplify this observation, the ‘in-betweener’ sets (2TMs, 3TMs and 4TMs) 
were removed. The three-dimensional surface plot (Figure 5.1C) shows the 
overlay of two distributions, of the single-TM-spanning sets and of the 
combined set of TMs from proteins with at least 5 TM helices. Consequently, 
two peaks (in red) can be observed. The cross-section of this surface plot 
(Figure 5.1D) emphasizes on these two peaks. The right peak corresponds to 
a location on the singular cloud of multi-spanning medians in the scatter plot 
while the left peak represents the single-TM-spanning set. This presentation 
supports the conclusion that, essentially, there are two types of TM helices in 
the space of complexity and hydrophobicity. Those with low sequence 
complexity and higher hydrophobicity will be called ‘simple’ TMs; we define 
those with high sequence complexity and lower hydrophobicity as ‘complex’ 
TMs.  
 
Furthermore, the distributions of the complexity and hydrophobicity of the 16 
membrane spanning sets are examined individually (Figure 5.2). The medians 
of the complexity measure increases while the hydrophobicity decreases with 
the number of membrane-spanning helices and stabilize beyond the 5-TM-
spanning set. The spreads across the data sets seem consistent. Perhaps, 
the most intriguing observation is the simultaneous enrichment of low-
complexity outliers in the complexity boxplots (Figure 5.2A) and low-
hydrophobicity outliers in the hydrophobicity boxplots (Figure 5.2B). This is 
independent of the number of membrane-spanning helices. This is particularly 
perplexing and contradictory for the single-TM-spanning set where one would 
have expected the membrane anchors to be of low complexity and high in 
hydrophobicity. The data shows that this is a simplified view and we can 
reconcile this seemingly contradictory observation by acknowledging that 
simple and complex TMs can occur in proteins regardless of the total number 




Figure 5.1 Distribution of UniProt-derived TM segments in the 
complexity/hydrophobicity plot 
181132 transmembrane helices from single and multi-spanning membrane 
proteins were extracted based on the keyword FT_TRANSMEM described in 
the UniProt annotation file (dated 16-09-2010). The three-dimensional 
histogram (Figure 5.1A) shows a fin-shaped distribution across the diagonals 
of the complexity and hydrophobicity space. The cross-section of the 
histogram (Figure 5.1B) shows a tear-shaped pattern. Furthermore, the 
medians of 15 sets of spanning membrane proteins (containing 1 to 15 TM 
helices respectively) were computed and denoted by the black circles. The 
medians were connected in ascending order, starting from the single-
spanning set. The trace of the complexity and hydrophobicity from the single-
spanning set to the four-TM spanning set indicates a progressive shift towards 
high complexity and low hydrophobicity. The medians converge to almost a 
singular cloud beyond the five-transmembrane-spanning set. The three-
dimensional surface plot (Figure 5.1C) shows the hybrid distributions of the 
single-spanning and those with at least five membrane-spanning TM helices. 
The single-spanning ones appear more ‘simple’ while, as a trend, the others 
seem more ‘complex’. The two to four-spanning helices are excluded as they 
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were considered to be ‘in-betweeners’. Two distinct peaks (in red) can be 
seen in the surface plot, denoting ‘simple’ and ‘complex’ populations 
respectively. The contour plot (Figure 5.1D) emphasizes on the two peaks. 
 
 
Figure 5.2 Trends of complexity and hydrophobicity as a function of the 
number of TMs per protein in UniProt 
The boxplots of complexity (Figure 5.2A) and hydrophobicity (Figure 5.2B) of 
the single-spanning to 15-transmembrane and beyond spanning sets are 
shown. The medians of the complexity and hydrophobicity measures increase 
with the number of spanning TM helices found in each set. Interestingly, the 
complexity boxplots highlighted an excess of outliers on the lower part of the 
complexity axis (suggestive of low-complexity sequence segments) while the 
hydrophobicity boxplots emphasized the excess of outliers on the bottom part 
of the hydrophobicity axis (towards charged composition). This is independent 
of the size of the membrane-spanning proteins. Taken together, this is 
somewhat contrary to the expectation that TM helices are simple and purely 
hydrophobic. Therefore, it raises the notion that some TM helices are ‘simple’ 
and others are ‘complex’ regardless of the number of TMs in a protein. 
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5.2.2 Enrichment of hydrophobic residues in TM anchors and 
charged/structural residues in functional TM helices and 
their respective propensity for membrane insertion 
 
Here, we wish to examine whether specific amino acid compositional bias can 
divorce the TM helices into the proposed classes of simple and complex in 
nature. For this purpose, we analyze the following sets of TM helices (see 
Methods for detail): (i) 1767 signal anchors (with “Signal-anchor” as part of 
FT_TRANSMEM annotation in UniProt), (ii) 303 membrane anchors (all 
others with “Anchor” annotation), (iii) 1741 functional TM helices from UniProt 
(additional FT_METAL, FT_BINDING or FT_ACTIVE record for a position 
covered with FT_TRANSMEM), (iv) 83 functional TMs from the previous set 
reappearing in SCOP membrane class [35,71]. Note that any substrings and 
repeated sequences of these datasets were removed via the cd-hit algorithm 
[119] (with options -n 5 -c 1) prior to this study. 
 
Although UniProt’s strategy to label TMs as anchors is not fully transparent, 
we use these sets to detect trends likely representative of simple TMs since 
we might assume that simple TMs are enriched among the anchors. The 
other two sets are thought to be examples for and be enriched in complex 
helices. Additionally, the membrane and signal anchors were treated as two 
distinct classes of transmembrane anchors instead of one due to the 
considerable difference in sample size that might otherwise affect the results. 
The SCOP-derived set (iv) is an especially well curated subset of UniProt-
derived set (iii); we use both to detect possible bias in the results that might 
arose from sampling bias in the small dataset and by possible annotation 
errors in the large one.  
 
For each of the four sets, we determined the amino acid composition. That 
leaves us with 4 rows of 20 amino acid counts for analysis. For the pairwise 
comparison of two rows, we apply the proportion test (via 20-by-2 contingency 
table [139]) at a significance level of P=0.05 (corresponding to 2χ =30.14). We 
find statistical difference at 2χ =521 for the SCOP-derived functional TM set 
and 2χ =1209 for the UniProt-derived set when tested against the membrane 
anchors set. Similarly, the results were significant at 2χ =786 and 2χ =3737 
for the SCOP-derived and UniProt-derived functional TM set respectively in 
tests against the signal anchors. Together, these initial results imply that there 
is a general difference in amino acid composition between the simple and 
complex TM helices. 
 
The investigation was furthered by detecting the specific residues that are 
enriched in the simple and complex TM helices. For this purpose, each set 
was characterized by twenty two-value rows (the count of occurrence of a 
specific amino acid type and all other occurrences). Like before, the same set-
to-set comparisons were made. For each case, twenty 2-by-2 contingency 
tables formulated as a binomial comparative trial at a family-wise error rate of 
0.05 (significance level of 0.0025 per test) were used (see chapter 23, pp.491-
500 of ref. [139]). The two-sided test was selected since no prior assumption 
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of the directions of the proportions was made. Each set-to-set comparison 
would yield a pair of enriched residues; one from the anchors and another 
from the functional TM-helices.  
 
Based on results (see Supplementary Tables 1a, b, c and d at the article’s 
WWW site), the comparisons against the functional TM-helices (SCOP-
derived and UniProt-derived) elucidated IVLC and IVLCK as the enriched 
residues from membrane anchors (1a and 1b) while this was LVC and 
LVCKST for the signal anchors (1c and 1d). On the other hand, the same 
comparisons also found the highly similar sets of residues: RDEHNFGP 
enriched in either functional TM helix set with respect to the membrane 
anchor set (1a and 1b) and RDEHNMFWGP enrichment in the functional TMs 
relative to the signal anchor set (1c and 1d). Essentially, these findings imply 
that the anchors are enriched with aliphatic hydrophobic residues (LVI) while 
the functional TM-helices are enriched with charged (RDEH), structurally 
important (GP) and aromatic (FW) residues at their generally hydrophobic 
background. Given the consistencies in the results, the effects of both 
sampling bias in the small dataset (SCOP-derived) and the possible 
annotation errors in the large one (UniProt-derived) are likely to be minimal. 
 
Our general observation that complex TM helices are enriched with charged 
and structural residues is compatible with findings from independent 
laboratories. Arginine (R) mutations within a TM helix of the Tar receptor can 
drive homodimer dissociation and heterodimer association [191]. 
Polar/charged residues (QNED) in TMs drive strong helix associations [192]. 
The GXXXG motif in a TM of the human erythrocyte protein glycophorin A and 
bacteriophage M13 major coat protein is necessary for TM-TM association 
[193,194]. Proline residues are generally implicated in the folding/assembly 
[195] and structural stability of TM helices [193,196–198].  
 
White et al. have experimentally determined the propensity of membrane 
insertion for each amino acid residue in terms of an octanol-to-interface scale 
[189]. In summary, they concluded that aromatic and hydrophobic residues 
have high propensity for insertion while the charged and structural residues sit 
on the other extreme [199,200]. Remarkably, our statistically derived enriched 
residues are well correlated to these experimentally derived hydrophobicity 
scales. The Pearson’s coefficients for the four set-to-set comparisons ranges 
from 0.36 to 0.56 (see supplementary Table 2a, b, c and d at the WWW site). 
As a guide, a correlation coefficient of greater than 0.5 is large, 0.5 to 0.3 is 
moderate, 0.3 to 0.1 is small while anything smaller than 0.1 is trivial [201]. 
Taken together, this establishes the notion that anchors being mainly 
hydrophobic have a higher propensity for membrane insertion than the 
functional TM-helices since the latter are enriched with charged and structural 
residues. Indeed, this conclusion forms the basis of distinction between the 




5.2.3 Quantitative criteria for the distinction of simple and complex 
TM helices  
 
In the previous section, the existence of simple and complex TM helices and, 
hence, their separability was justified based on their amino acid compositional 
bias and residues’ propensity for membrane insertion. Here, the 
hydrophobicity and the sequence complexity measures are proposed as the 
criteria to partition simple and complex TM helices.  
 
As in the case of Figure 5.1, we characterize each TM segment with two 
values   Φx  and cx . The hydrophobicity Φx of a sequence segment is 
computed as average over membrane propensities for a moving sequence 
window (of size 19) using the sign-reversed octanol-to-interface scale 
[189,190]. For the complexity measure cx  of a sequence segment, we 
average the Shannon’s entropies calculated over the amino acid composition 
for a moving sequence window. For each entropy value, IVL is considered a 
single group while all other residues are dealt with individually (see methods). 
The choice of collapsing IVL into one group is based on the enrichment in 
aliphatic hydrophobic residues found in membrane and signal anchors (see 
previous section). For finding the optimum averaging window size for the 
complexity measure, we permuted across the values 10, 12, 15 and 18 (see 
below).  
 
For the formulation of a criterion to distinguish simple and complex TMs, a z-
score is introduced as an univariate measure (a sum of squares) of 



























where µ  and σ  are calculated  as the mean and standard deviation values of 
all sequence segments in a given set of TM regions. The regression line 















,  (5.2) 
 
Note that Φ,cρ  is the correlation between sequence complexity and 
hydrophobicity. To determine the sign of the z-score in (5.1), we use the 
normal to the regressed line as decision criterion; i.e., the exponent s  is set 














1  (5.3) 
 
and equal to zero otherwise. In this notation, TMs with high hydrophobicity 
and low complexity will have low z-scores (see methods for the derivation of 
the regressed line and normal equation). 
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In Figure 5.3A, we show how the membrane anchor TM set  and the SCOP 
functional TM set relate to each other in the normalized 
hydrophobicity/complexity diagram. Thus, the comparison between two such 
sets can be used to derive a quantitative criterion in the 
hydrophobicity/complexity space by minimizing prediction errors. It should be 
noted that the sets of functional TMs (especially the one derived from SCOP) 
are much better defined than the sets of membrane or signal anchors; thus, a 
criterion for distinction between the two sets is more straightforwardly 
determined with the distribution of functional TMs. We found that the summary 
statistics of the SCOP- and of the UniProt-derived functional TM sets do not 
show any significant difference (Table 5.2). Therefore, we consider z-scores 
( )cxxz ,Φ  of any query TM relative to the summary statistics of the much larger 
UniProt-derived functional TM set 
( 436.0,30.0,4.2,85.2,64.0 , −===== ΦΦΦ ccc ρσµσµ ; see Table 5.2). For 
illustration purposes in Figure 5.3B, we show the resulting approximated 
distribution of z-scores of membrane anchors and the UniProt-derived 
functional TMs. Essentially, the z-score can now be used to assess for a 
query TM whether it is simple (z-score < threshold) or complex (z-score ≥ 
threshold). Once a z-score threshold is fixed, the prediction process partitions 
the complex TM-helices into true-positives (TP) and false-negatives (FN) 
while the simple helices are divided into the true negatives (TN) and false-
positives (FP).  
 
To quantify the separability between the simple and complex TM helices via a 
z-score threshold, the error rates (false-positive and false-negative rates; see 
methods) were established for the set-to-set comparisons of the membrane 
and signal anchors against the functional TM-helices datasets (both SCOP-
derived and UniProt-derived; see Table 5.2 for their summary statistics). With 
reference to the functional TM-helices sets, various z-score thresholds 
 
( )ccthreshold ffz σµσµ −+ ΦΦ ,  (5.4) 
 
are defined at f = 0.840, 1.000, 1.282, 1.645 and 1.980 (equivalent to 
theoretical false-negative rates of 20%, 16%, 10%, 5% and 2.5% respectively 
for the one-tailed z-test) on the two measures since one does not know a 
priori the most appropriate threshold between simple and complex TM 
helices. Note that substituting expression (5.4) into (5.1) resolves into the 
equation ( ) 22, fffz ccthreshold −=−+ ΦΦ σµσµ . Hence, the corresponding z-score 
thresholds are -1.41, -2.00, -3.29, -5.41 and -7.84 at f = 0.840, 1.000, 1.282, 
1.645 and 1.980 respectively. 
 
Tables 5.1a and b summarize the false-positive and false-negative rates for 
the SCOP-derived and UniProt-derived functional TM-helices against the 
membrane anchors respectively while Table 5.1c and d gives the error rates 
of the functional TM-helix sets against the signal anchors. Firstly, the data 
supports that the z-score of the functional TM sets is about normally 
distributed. For all f, the theoretical false-negative rates are very similar to the 
computed ones (the absolute difference is between 0.5% and 5%; see Table 
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5.1) and, as a trend, the computed rates are smaller than the theoretical ones 
especially for the larger f. This means that the z-scores of the functional TM-
helices satisfy the normality assumption reasonably well for the range of 
thresholds studied, although the tails of the empirical distribution extend 
slightly more than in the theoretical normal distribution. But most importantly, 
the histograms of the functional TM-helices showed general symmetry (as an 
example, see Figure 5A). In contrast, a skewed distribution is sometimes 
suggestive of multiple distributions or populations (see chapter 2 in [202]). 
Together, this suggests that the functional TM-helices form a symmetrical 
unimodal distribution that is likely to contain itself as the only population.  
 
With regard to the false-positive rates, there is only minimal difference across 
the various window sizes used to calculate sequence complexity. In Tables 
5.1a and b for the membrane anchors and in Tables 5.1c and d for the signal 
anchors, the absolute difference is within 7%. This suggests that window size 
used for sequence complexity computation has relatively small impact on the 
separability of complex and simple TM helices. The overall concordance is 
somewhat expected since the summary statistics of both complexity and 
hydrophobicity measures between the SCOP-derived and UniProt-derived 
functional TM-helices datasets were found to be statistically insignificant 
(Table 5.2). However, the average false-positive rates between the membrane 
and signal anchors show that the two sets are markedly different. 
Quantitatively speaking, the signal anchors have almost 20% more non-
simple TM instances than the membrane anchors (absolute difference 
between the false-positive rates in Tables 5.1a,b and Tables 5.1c,d)  . 
 
Finally, given the slightly preferential performance with changing complexity 
measure window size, the size of 12 is used throughout the rest of the work 





Figure 5.3 Definition of the z-score with regard to the set of functional 
TMs 
Figure 5.3A shows the normalized sequence complexity/hydrophobicity 
measures of the membrane anchors (in blue), functional TM-helices (UniProt-
derived; in red) and functional α-helices (in green). The univariate z-score is 
given by the squared sums of two normalized measures. The expectation of 
the z-scores for the functional TM-helices set is zero. The regression line 
( 436.0−=ρ ) for the functional TM set and its normal are indicated. The 
negative halve of the functional TM helices’ z-scores is given by the inequality 
(3) while z-scores failing to satisfy the inequality makes up the positive halve. 
It is apparent that the majority of the membrane anchors have negative z-
scores while the functional α-helices have positive z-scores.  
 
Figure 5.3B depicts the distributions of the membrane anchors (in blue) as 
simple TM helices and the functional TM-helices (in red) as complex TM 
helices. For illustrative purpose, the membrane anchors are approximated by 
the Gumbel distribution given its long left tail while the functional TM-helices 
are fitted to the normal distribution. For a given z-score threshold, the complex 
TM helices are partitioned into true-positives (TP) and false-negatives (FN) 
while the simple helices are divided into the true negatives (TN) and false-
positives (FP). Consequently, the false-positive and false-negative rates can 
be determined for a given z-score threshold defined by equation (5.4). 
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Table 5.1. False-positive and false-negative rates of membrane/signal 
anchors versus SCOP/UniProt-derived functional TM-helix sets 
 
A) membrane anchors versus functional TMs (SCOP-derived) 
f=0.84 f=1.0 f=1.282 f=1.645 f=1.98 window 
size FPR FNR FPR FNR FPR FNR FPR FNR FPR FNR 
10 15.51 24.10 18.15 16.87 25.41 9.64 36.96 2.41 48.84 0.00 
12 14.85 21.69 18.15 16.87 24.75 9.64 38.28 2.41 47.52 1.20 
15 15.84 20.48 18.81 14.46 26.73 9.64 39.93 3.61 49.50 1.20 
18 16.50 18.07 19.47 15.66 29.04 10.84 40.92 3.61 48.84 1.20 
 
B) membrane anchors versus functional TMs (UniProt-derived) 
f=0.84 f=1.0 f=1.282 f=1.645 f=1.98 window 
size FPR FNR FPR FNR FPR FNR FPR FNR FPR FNR 
10 16.17 25.04 19.80 19.13 27.06 9.82 41.91 3.96 51.49 1.44 
12 17.16 24.30 19.80 18.84 27.39 9.65 42.57 3.73 51.49 1.49 
15 18.15 23.55 21.45 19.13 29.04 9.94 42.57 4.19 51.49 1.67 
18 19.14 23.26 22.11 19.18 33.99 10.45 44.55 4.19 53.14 1.72 
 
C) signal anchors versus functional TMs (SCOP-derived) 
f=0.84 f=1.0 f=1.282 f=1.645 f=1.98 window 
size FPR FNR FPR FNR FPR FNR FPR FNR FPR FNR 
10 23.71 24.10 31.01 16.87 43.52 9.64 59.59 2.41 72.16 0.00 
12 23.77 21.69 30.39 16.87 44.60 9.64 59.54 2.41 72.33 1.20 
15 22.52 20.48 30.56 14.46 43.92 9.64 60.05 3.61 72.72 1.20 
18 22.24 18.07 29.71 15.66 42.39 10.84 58.18 3.61 70.51 1.20 
 
D) signal anchors versus functional TMs (UniProt-derived) 
f=0.84 f=1.0 f=1.282 f=1.645 f=1.98 window 
size FPR FNR FPR FNR FPR FNR FPR FNR FPR FNR 
10 27.39 25.04 35.77 19.13 48.10 9.82 63.89 3.96 76.23 1.44 
12 26.26 24.30 34.47 18.84 47.71 9.65 63.38 3.73 75.66 1.49 
15 26.49 23.55 35.37 19.13 47.82 9.94 63.89 4.19 76.85 1.67 
18 28.35 23.26 35.99 19.18 48.84 10.45 64.86 4.19 77.42 1.72 
 
The error rates of the membrane and signal anchors versus the functional 
TM-helix sets are given in Table 5.1A & B and in Table 5.1C & D respectively. 
Column 1 gives the window size of the sequence complexity measure. The 
window size for the hydrophobicity measure was fixed at 19. Column pairs 
(2,3), (4,5), (6,7), (8,9) and (10,11) give the false-positive rates (FPR) and 
false-negative rates (FNR) for the z-score thresholds at f=0.84, 1.0, 1.282, 
1.645 and 1.98 (corresponding to the theoretical false-negative rates of 20%, 
16%, 10%, 5% and 2.5%) respectively. 
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Table 5.2. Test of difference between the summary statistics of 
functional TM-helix sets (SCOP-derived versus UniProt-derived) 
 
A) Sequence complexity (based on IVL group) 
SCOP-derived UniProt-derived  Windows 
size cµ  cσ  cn  cµ  cσ  cn  p-value 
10 2.31 0.28 83 2.28 0.29 1741 0.32 
12 2.42 0.29 83 2.40 0.30 1741 0.56 
15 2.56 0.31 83 2.53 0.32 1741 0.39 
18 2.68 0.31 83 2.63 0.32 1741 0.15 
 
B) Hydrophobicity scale 
SCOP-derived UniProt-derived  Windows 
size Φµ  Φσ  Φn  Φµ  Φσ  Φn  p-value 
19 0.41 2.91 83 0.64 2.85 1741 0.48 
 
The summary statistics of sequence complexity/hydrophobicity (column 2-4, 
5-7) for the SCOP-derived and UniProt-derived functional TM-helix sets are 
given in Table 5.2A and 2B respectively. The summary statistic ),,( ccc nσµ  
denotes the mean, standard deviation and sample size for the sequence 
complexity measures for a given window size (10,12,15 and 18; column 1) 
while the summary statistic ),,( ΦΦΦ nσµ  denotes the mean, standard deviation 
and sample size for the hydrophobicity measures for the window size of 19. 
The p-values (last column) are computed from the two-tailed t-test. None of 
the tests return a significant result which means that the summary statistics 
between the SCOP-derived and UniProt-derived functional TM-helix sets are 
similar. As such, calculations of false-negative rates based on either 
functional TM-helix sets should give similar conclusions. 
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5.2.4 Relationships between TM helices, segments of low 
complexity, signal peptides & functional α-helices in globular 
domains and the peculiarities in the supposed simple TM 
populations of membrane and signal anchors 
 
Figure 5.4A shows the plot of complexity and hydrophobicity measures for 
membrane anchors against the functional TM-helices (UniProt-derived), 
functional α-helices and low-complexity sequences (SEG-detected; 
SEG25/3.0/3.3) [120]. The plot is partitioned into four quadrants by the two 
error margins defined by ΦΦΦ += σµ 282.1x  and cccx σµ 282.1−=  (f=1.282 at 
10% theoretical false negative rate) where ),( ΦΦ σµ  and ),( cc σµ  are the 
summary statistic calculated from the UniProt-derived functional TM-helix set. 
 
The lower-right quadrant exhibits most instances of both the functional α-
helices from globular proteins (1327 of 1330, 99.8%) and of the functional, 
i.e., complex TMs (1446 of 1741, 83.1%). Both groups have in common a 
trend towards high complexity/low hydrophobicity; yet, the trend is more 
pronounced for the α-helices. In the intermediate region between the two helix 
populations, there is considerable overlap. This can be seen as a justification 
to apply and, thus, to extend the sequence homology concept from the α-
helices in globular domains to complex TMs.  
 
In the other extreme, the upper-left quadrant (low complexity, very high 
hydrophobicity) contains 55.8% of the membrane anchor set (169 out of 303) 
that are examples of simple and more hydrophobic TM helices. Some overlap 
between the functional TM-helices and the membrane anchors is observed. 
Meanwhile, the overlap between the anchors and the low-complexity 
segments is much more pronounced. This justifies for the masking of these 
simple TM helices prior to sequence homology searches. However, the SEG 
algorithm [120] does not sample deep into the low complexity/very high 
hydrophobicity space. Instead, it samples almost only the low hydrophobicity 
space (97.9% or 465139 of 475207 instances of grey dots are below the 
hydrophobicity of -4.29 in Figure 5.4A) and also extends into the high 
complexity space of the functional TM and α-helices. As a consequence, the 
lone application SEG is insufficient to distinguish between the simple and 
complex TM helices. 
 
Figure 5.4B shows the complexity/hydrophobicity plot of the signal anchors 
versus the functional TM-helices (UniProt-derived), functional α-helices and 
signal peptides (from proteins with structures in SCOP with the N-terminus 
missing, see Methods). Compared to the membrane anchors, the extent of 
overlap between the signal anchors and functional TM-helices is more 
pronounced. Only 30.1% (531 out of 1767) of the signal anchors occupy the 
upper-left, low complexity/very high hydrophobicity quadrant. As close 
analogues to the signal anchors, the signal peptides span a similar complexity 
space but approximately half the hydrophobicity space of the signal anchors. 
As a trend, the signal peptides are more hydrophilic. This is not a surprise 
since signal peptides have a canonical structure including polar, typically 
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positively charged N-terminal tip followed by a quite uniformly hydrophobic 
region and a region of small residues, the latter involving the cleavage site 
[66]. In similarity searches, it is mainly the hydrophobic segment that causes 
false homologies [21]. Since the signal peptide cannot be part of the mature 
protein and, thus, of any of its globular domains, it is advisable to suppress 
signal peptides in protein domains in all cases of homology searches aimed at 
remnant sequence similarity levels.   
 
As a matter of fact, the definition of signal anchors in UniProt is muddled. If 
we check the annotated signal anchors with the SignalP algorithm [66], 372 of 
the 1767 signal anchors were predicted as signal peptides both by the Hidden 
Markov Model (HMM) and the neural network versions of SignalP. Further 
1057 of the signal anchors are predicted by either version of SignalP. Another 
324 examples have been rejected as possible signal peptides by both 
versions. Out of them, 218 are N-terminal signal anchors (within the first 100 
residues, see Methods), 106 are more C-terminally located. Despite of all 
these reservations, we can say that membrane anchor sequence segments, 
as a trend, are more hydrophobic/less complex than signal anchors and the 
trend is even stronger in the comparison with signal peptides.  
 
As it is, the sequence sets of functional α-helices of globular proteins, signal 
peptides and low-complexity segments are better defined than the TM helices. 
For example, if all membrane and signal anchors are considered simple TMs, 
then 21% (62 out of 303) of the membrane anchors and 36% (638 out of 
1767) of the signal anchors are in fact ill-defined based on the lower/right 
(high complexity/low hydrophobicity) quadrant, contrary to their UniProt 
annotations. To clarify the inter-relationships among the TM populations, the 
z-scores of each TM population are calculated using the summary statistics 
computed from the UniProt-derived functional TM-helices as a common 
reference (see Table 5.2 for the appropriate values of cc σµσµ ,,, ΦΦ ). Most 
importantly, if the anchor sets are identical to the functional TM-helix set, their 
histograms should be similar to the latter. Otherwise, any peculiarities in the 
anchor distributions should appear. 
 
Figure 5.5 shows the histograms of the TM-helix populations: the functional 
TM-helices (SCOP-derived and UniProt-derived), membrane anchors and 
signal anchors in their respective z-scores. Unsurprisingly, both functional 
TM-helix sets display very comparable histograms but most notably, the 
histograms are both long-tailed, symmetrical and unimodal (see Figure 5.5A 
and B). In contrast, the anchor histograms are markedly different from that of 
the functional TM-helices (see Figure 5.5C and D). Their histograms are 
apparently left-skewed and long-tailed in nature. In the case of membrane 
anchors, non-unimodality can be observed explicitly (several maxima in 
Figure 5.5C). In the z-score metric, 73% (220 out of 330) of the membrane 
anchors and 52% (924 out of 1767) of the signal anchors are considered as 
simple respectively at f=1.282 (i.e. false-negative rate of 10%). 
 
A plausible explanation for the skewness and non-unimodality observed in the 
anchors histograms is the existence of a mixed population of simple and 
complex TM helices. Firstly, this is compatible with our initial observation that 
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a TM helix can be simple or complex. Secondly, our earlier enrichment 
analysis for residues in the simple and complex TM helices finds that the 
charged residue lysine (K) is found to be enriched in the anchor TM sets (see 
Table 2 of ref. [188]). This is incompatible with the general observation that 
charged residues (RDEH) are characteristics of the complex ones. It is 
possible that some of these simple helices harboring lysine are in fact 
complex. If this is indeed the case, then complex TM helices (implying 
common ancestry) do also exist in single-spanning membrane proteins, 
contrary to their role as only anchors (implying convergent evolution). In other 
words, it means that TM helices in single-spanning membrane proteins may 
arise either through common ancestry or convergent evolution. As collateral, 
the general high false-positive rates in Table 5.1 of the anchors are likely 




Figure 5.4 Sequence complexity/hydrophobicity plot for membrane and 
signal anchors against functional TM-helices 
Figure 5.4A shows the sequence complexity/hydrophobicity plot of the 
membrane anchors (blue) against the functional α-helices (green), functional 
TM-helices (UniProt-derived; red) and low-complexity segments 
(SEG25/3.0/3.3-detected; gray). The dotted lines are defined by 
ΦΦΦ += σµ 282.1x  and cccx σµ 282.1−=  where ),( ΦΦ σµ  and ),( cc σµ  are the 
summary statistic calculated from the UniProt-derived functional TM-helix set. 
This corresponds to a false-negative rate of 10% (at f=1.282). Based on the 
plot, there is some overlap between the functional α- and TM-helices which 
justifies for the extension of the sequence homology concept for these cases. 
55.8% (169 out of the 303) of the membrane anchors occupy the upper left 
quadrant, suggestive of simple TM helices. Figure 5.4B shows the complexity 
and hydrophobicity plot of signal anchors (blue) against the functional α-
helices (green), functional TM-helices (UniProt-derived; red) and signal 
peptides (cyan). Similarly, the dotted lines define the boundaries at the false-
negative rate of 10%. 30.1% of the signal anchors (531 out of the 1767) 





Figure 5.5 Z-score histograms of the functional α-helices, functional TM-
helices (SCOP/UniProt-derived), membrane anchors and signal anchors 
The z-score histograms for the functional TM-helices (SCOP-derived; Figure 
5.5A and UniProt-derived; Figure 5.5B), membrane anchors (Figure 5.5C) and 
signal anchors (Figure 5.5D) are shown. The functional TM-helix sets have a 
characteristics long-tailed, symmetrical and unimodal shape histogram. On 
the other hand, the histograms of the membrane and signal anchor sets have 
a left-skewed long-tailed non-unimodality shape. This is suggestive of multiple 
populations. The two vertical dotted lines define a twilight zone between the 
functional TM-helices and the anchors based on the z-score thresholds of -
7.84 and -3.29 that are calculated from f=1.980 and f=1.282 respectively via 
equation (5.4). 
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5.2.5 Complex TM helices in single-spanning TM proteins and their 
role in conferring homology 
 
In the preceding section, the skewness and non-unimodality of the anchor 
histograms have hinted the alternate view that a complex TM helix can exist in 
the single-spanning membrane protein. On a separate note, case studies of 
single-spanning membrane proteins implicated in diseases and immune-
signaling have shown that the TM helices can possess structural and 
functional roles well beyond serving as mere anchors. These helices are 
capable of protein complex assembly and signal transduction, very much like 
the small modular domains of the globular proteins [188]. To extend the 
sequence homology concept for TM helices in single-spanning membrane 
proteins, it is necessary for the complex helices to embody ancestry 
information while the simple ones do not.  
 
We studied the 48 cases of functionally-related TM helices in Tables 1 and 2 
of reference [188]. First, the full length sequences were searched against the 
SwissProt (downloaded on 26-12-2010) with BLASTP [14] to find the 
orthologues in various species of the respective proteins (to make use of 
SwissProt IDs for automated processing of search outputs). All other hits were 
ignored. For 27 out of the 48 cases, this search resulted in at least two hits 
and one of them is the full-length seed orthologue. Next, the same searches 
for the TM segments alone were executed. We used an E-value of 1000 to 
increase the sensitivity of detection for short sequences. The raw sequence 
comparison results are available as supplementary material at the WWW site 
associated with this article.  
 
For each of the 27 cases, the search results of the full length and TM-only 
segment were compared. Given that proteins can either be homologous or 
non-homologous to one another, only the following two extreme scenarios of 
the comparisons are meaningful; (i) Either the two result sets have complete 
matches exactly (ii) or the TM-only result set contains the TM segment of the 
seed orthologue itself as the sole hit.  
 
The comparisons are tabulated in Table 5.3. Among the total of 27 valid 
cases, we find 19 cases of complete matches and 8 cases of sole hits. For 19 
cases of complete matches, the TM sequences have demonstrated the 
capability of retrieving their orthologous helices. Their corresponding z-scores 
(calculated with summary statistic from the UniProt-derived functional TM set; 
see Table 5.2) range from -9.18 to -0.10. Meanwhile, the other 8 cases of sole 
hits failed to retrieve their orthologues. This is indicative of a discontinuity in 
ancestry information. Their z-scores are between -28.63 to -3.52. Overall, this 
gives rise to a conflict zone for the z-score between the 19 exact matches and 
8 sole hits that spans from -9.18 to -3.52. Guided by this result, a twilight zone 
between simple and complex TM helices can be defined for a range of -7.84 
to -3.29 that is bracketed by the z-score threshold of f=1.980 (false-negative 
rate of 2.5%) and f=1.282 (false-negative rate of 10%). 
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Out of the 19 exact matches, 9 have z-scores above the twilight zone and 
hence they contain complex TM helices. These exemplary cases show that 
complex helices do exist in single-spanning membrane proteins. Most 
importantly, they can confer homology information instead of just serving as 
anchors (due to physiological requirement), thereby justifying the extension of 
the sequence homology concept for the single-spanning cases. For the 8 
cases of sole hits, 3 of them have simple helices since their z-scores fell 
below the twilight zone. Fundamentally, these 3 cases demonstrate the lack of 
ancestry information in simple TM helices. 
 
Table 5.3. 27 cases of functionally-related TM helices in single-spanning 
membrane proteins 
 
A) Cases of 19 complete matches between full length and TM-only sequence 



















ectodysplasin EDA_HUMAN 2.27 1.61 -0.45 EDA_BOVIN;EDA_MOUSE 






































































































































IREM-2 CLM2_HUMAN 2.04 4.37 -3.56 CLM2_MOUSE 






































CD200RLa MO2R2_HUMAN 1.68 4.48 -8.39 MO2R2_MOUSE 
GPIX GPIX_HUMAN 1.53 0.10 -9.18 GPIX_MOUSE 
 
B) Cases of 8 sole hits between full length and TM-only sequence 
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Gene name Seed UniProtID cx  φx  z-score Orthologues of seed 
TREM-2a TREM2_HUMAN 1.91 2.47 -3.52 TREM2_MOUSE 
mlgA IGHG3_MOUSE 2.04 4.45 -3.65 IGHG3_HUMAN 
Oscar OSCAR_MOUSE 1.88 2.66 -3.95 OSCAR_HUMAN 
MPL TPOR_HUMAN 1.80 2.28 -4.86 TPOR_MOUSE 
TREM-2b TREM2_HUMAN 1.87 4.18 -5.25 TREM2_MOUSE 
GPVI GPVI_HUMAN 1.57 3.84 -9.75 GPVI_MOUSE 
SILR-β PILRB_HUMAN 1.57 4.16 -10.13 PILRB_MOUSE 
Ig-β CD79B_HUMAN 1.29 11.26 -28.63 CD79B_MOUSE 
 
There are in total 27 valid cases of functionally-related single-spanning 
membrane proteins from [188], out of which 19 cases are complete matches 
(Table 5.3A) and 8 cases are sole hits (Table 5.3B). The gene name and the 
UniProt ID of the seed sequences are given in column 1 and 2 respectively. 
The sequence complexity cx , hydrophobicity Φx  and z-score of the seed 
sequences are given in column 3, 4 and 5 respectively. The last column gives 
the orthologues of the seed sequences. For the 19 cases of complete 
matches, the TM-only sequences are able to retrieve their orthologous helices 
where their z-scores range from -9.18 to -0.10. For the other 8 cases of sole 
hits, they have failed to retrieve their orthologues. Their z-scores are between 
-28.63 to -3.52. The conflict zone between the 19 exact matches and 8 sole 
hits spans from -9.18 to -3.52. Note that TREM-2a (Table 2 of [188]) and 
TREM-2b (Table 1 of [188]) denote the same full length sequence but with a 
slight variation in the borders of the TM segment. Regardless of the variant, 
the conclusions remain unchanged. 
 
5.2.6 Multi-spanning membrane proteins can harbor simple TM 
helices 
 
The TCDB (Transporter classification database) [130,178] contains 656 
distinct families but only 326 families that have TM annotations are useful for 
our further investigation. The total number of their TCDB entries is 2202. For 
each entry, the original sequence is first searched against the SwissProt 
database (dated 26-12-2010) with BLASTP [14]. Next, two more searches are 
performed; one for a masked version where the simple TMs are masked 
below a z-score threshold and another for a control version where the 
complex TMs are masked above the same threshold. The masking replaces 
the TM sequence positions with a continuum of ‘X’s. The z-score thresholds 
are set at various f=0.84, 1.0, 1.282, 1.645. 1.98 (equivalent to false-negative 
rates of 20%, 16%, 10%, 5% and 2.5% taken with respect to the UniProt-
derived functional TM-helices), where the larger false-negative rates indicate 
more aggressive z-score thresholds (more masking). 
 
In the search results of the original sequence, hits with E-values more than 
0.001 are discarded. In addition, hits without TCDB classifications are also 
removed. For the remaining hits, their corresponding alignment scores from 
the masked and control sequences are retrieved from the other two search 
results. Thus, each hit should be associated with a TCDB classification and 
three alignment scores from the original, masked and control sequences. The 
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respective raw results are available as supplementary material at the WWW 
site.  
 
This information is used to compute the number of true-positive, false-
negative and false-positive hits. Since alignment scores contributed by simple 
TMs can be considered more dubious, the smallest alignment score 
representative of a true hit is determined from the minimum of the masked 
scores that have the same classification as the seed TCDB entry of the 
search. This minimum score is the cutoff used for the computation of false-
discovery rate and sensitivity of the search for each TCDB entry (see 
methods). Given that a hit has the same classification as the TCDB entry, it is 
considered a true-positive if its score is equal or above the cutoff, otherwise it 
is a false-negative. Meanwhile, if a hit does not share the same classification 
as the seed entry, it is a false-positive if its score is equal or above the cutoff, 
otherwise it is a true-negative. Note that the sensitivity of the search for the 
masked sequence is always equal to 1.00 since the cutoff was derived based 
on its search results. 
 
Figure 5.6A shows a series of histograms of the mask ratios (m=number of 
masked TMs over total TMs per TCDB entry) for the z-score threshold 
settings of f=0.840, 1.000, 1.282, 1.645 and 1.980. The corresponding total 
number of entries where TMs are partly masked (i.e., where 0<m<1) are 
1747, 1705, 1533, 1071 and 680 respectively. The corresponding median 
mask ratios of the respective TCDB entries are 0.41, 0.33, 0.18, 0.08 and 
0.00 depending on z-score threshold. The overwhelming majority of TCDB 
entries are multi-membrane-spanning with an average of 8 TM helices per 
entry. The non-zero mask ratios imply that some TM helices in the multi-
spanning entries can be considered simple. 
 
Table 5.4 shows the extremities of the effects of masking where mask ratio of 
0 denotes that a TCDB entry has none of its TM helices masked (i.e. all TM 
helices are complex) and mask ratio of 1 denotes that all TM helices are 
masked (i.e. all TM helices are simple). The average number of TM helices in 
fully-masked entries ranges from 1.1 to 1.8 while the average number in fully-
unmasked entries is between 4.4 and 7.3. On average, the masking of TM 
helices is more aggressive with entries having a low number of TM helices. In 
other words, simple TM helices are more dominant in single-spanning 
membrane proteins than the multi-spanning ones. 
 
Figure 5.6B shows a series of plots of the false-discovery rates between the 
masked and original sequences of the 2202 TCDB entries as a function of z-
score threshold. Regardless of the threshold values, the false-discovery rates 
of masked sequences for some of the TCDB entries are less than or equal to 
that of their corresponding original sequences. Thus, it is positive for the 
similarity search to exclude simple TMs since more false-positive hits are 
suppressed. For more aggressive z-score thresholds (smaller f), more TCDB 
entries undergo extensive TM masking and, subsequently, experience a 
decrease in/an improvement of their false-discovery rates. 
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The improvement of false-discovery rates that is accompanied by the removal 
of simple TMs is not compromised by the sensitivity of the search. Sensitivity 
is best described as the power of a statistic test which is its ability to reject the 
null hypothesis when it is false. Maximum sensitivity is numerically defined as 
1. Figure 5.6C show the sensitivity of the 2202 entries for the z-score 
thresholds of f=0.840, 1.000, 1.282, 1.645 and 1.980. The red and blue lines 
represent the sensitivities of the original and masked sequence searches. The 
sensitivities of both searches hardly vary for most of the entries. In those 
occasional cases where they do, the sensitivities of the original sequences 
are less than that of the masked ones. On the other hand, the sensitivities 
(see Figure 5.6D) of the control sequences (i.e., where the complex TMs with 
z-score above the threshold are masked) fluctuate wildly across the sensitivity 
axis. This shows that the masking of complex TMs decreases the sensitivity of 
the search. In hindsight, this investigation shows the importance of complex 
TMs as homology pieces and the redundancy of the simple TMs for homology 
searches. 
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Table 5.4. Number of fully masked/unmasked TCDB entries and the 
corresponding average number of TM helices at various z-score 
thresholds of f=0.840, 1.000, 1.282, 1.645 and 1.980 
 


































0.0 246 4.4 326 4.8 546 5.8 1050 6.9 1470 7.3 
1.0 208 1.8 170 1.5 123 1.2 79 1.1 49 1.1 
 
The two mask ratios of m=0 and m=1 correspond to the extreme situation 
where the TM segments in a TCDB entry is fully unmasked or fully masked 
respectively (column 1). The column pairs (2,3), (4,5), (6,7), (8,9) and (10,11) 
denotes the number of TCDB entries and the average number of TM helices 
(total number of TM helices in the entries/total number of entries) given the 
associated mask ratio and the z-score thresholds of f=0.840, 1.000, 1.282, 
1.645 and 1.980 (corresponding to false-negative rates of 20%, 16%, 10%, 
5% and 2.5%). The average number of masked helices ranges from 1.1 to 1.8 
while the average number of unmasked helices is between 4.4 and 7.3. This 
means that the fully masked TCDB entries are almost exclusively the single-




Figure 5.6 Effects on the homology searches for TCDB with the removal 
of simple and complex TM helices 
The performance of the homology searches for 2202 TCDB entries between 
their original and masked sequences are shown for the z-score thresholds of 
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f=0.840, 1.000, 1.282, 1.645 and 1.980 respectively. The corresponding false-
negative rates are 20%, 16%, 10%, 5% and 2.5% respectively. Figure 5.6A 
shows the masked ratios (m=number of masked TMs over total TMs) of the 
2202 TCDB entries. The median mask ratios of the TCDB entries are 0.41, 
0.33, 0.18, 0.08 and 0.00 for f=0.840, f=1.000, f=1.282, f=1.645 and f=1.980 
respectively. The non-zero mask ratio means that some TM helices in the 
multi-spanning entries are considered simple. The corresponding total number 
of entries (where 0<m<1) are 1747, 1705, 1533, 1071 and 680 respectively. 
On average, each masked TCDB entry has about 9 to 10 TM helices. 
Therefore, most TCDB entries are multi-spanning. Figure 5.6B shows that the 
false-discovery rates of the searches for the masked sequences are at least 
equal or less than that of their corresponding full sequences at a comparable 
sensitivity. This means that the masking of simple TMs can improve the false-
discovery rates of the searches. This trend is independent of the different z-
score thresholds that influence the level of masking (most masking at false-
negative rate of 20% and least masking at false-negative rate of 2.5%). 
Figures 6 C and D show the sensitivity plots of the searches for the 2202 
TCDB sequences. The red, blue and black lines represent the sensitivities of 
the original, masked and control sequences respectively. The sensitivity of the 
original (red) and masked (blue) sequences are comparable at 1.0 for most of 
the sequences. At a sensitivity of 1, the number of false-negatives is zero. On 
the other hand, the sensitivity of the search for the control sequences (where 
the complex TMs are masked) deviates greatly from the sensitivity of 1. This 
implies that the masking of complex TMs has a detrimental effect on the 
TCDB classification. 
 
5.2.7 Frequency of simple helices decreases as number of 
spanning TM helices increases 
 
Although simple TM helices can be expected in either single-spanning or 
multi-spanning membrane proteins, their rate of occurrence remains unclear. 
Here, we attempt to compute the true-negative rate and the estimated number 
of the simple TM helices when given any multi-spanning proteins with a fixed 
number of TM helices. 
 
Hence, the UniProt sequences and their associated annotations (based on 
UniProt annotation file dated 16-09-2010) were retrieved based simply on the 
keyword FT_TRANSMEM. Fifteen datasets were created from 1 to 15 TM 
segments (the number of available proteins with more TMs is too small for this 
assessment). For each protein, the z-score of all TMs is calculated using the 
parameterization of the UniProt-derived functional TM-helices datasets. A TM 
with a score below threshold is considered simple. In Table 5.5, we list the 
fractions of the number of complex and simple TMs relative to the total 
number of TMs found in the set (depending on z-score thresholds with 
f=1.282 (false-negative rate of 10%) and f=1.645 (false-negative rate of 5%)). 
The latter ratio (Figure 5.7A) can be used to compute the average expected 




The general trend is that the ratios of simple TM helices occurrence decrease 
exponentially as the number of TM helices increases in the protein (Figure 
5.7A). Beyond 6 TM helices, the frequency of occurrence almost stabilizes. 
The trend is independent of the various z-score thresholds. Unlike the 
expected frequency of simple helices, the expected total numbers of simple 
helices do not plateau (Figure 5.7B). This is because the number of expected 
simple helices is about proportional to the number of TM helices in the 
protein. 
 
Table 5.5. Rate of occurrences/expected number of simple TM helices in 























1 0.42 0.58 0.58 0.58 0.42 0.42 
2 0.60 0.40 0.80 0.75 0.25 0.51 
3 0.68 0.32 0.95 0.82 0.18 0.55 
4 0.73 0.27 1.07 0.86 0.14 0.57 
5 0.74 0.26 1.28 0.86 0.14 0.70 
6 0.77 0.23 1.41 0.87 0.13 0.75 
7 0.78 0.22 1.54 0.89 0.11 0.78 
8 0.77 0.23 1.87 0.88 0.12 0.97 
9 0.76 0.24 2.18 0.87 0.13 1.15 
10 0.77 0.23 2.33 0.88 0.12 1.16 
11 0.79 0.21 2.29 0.90 0.10 1.10 
12 0.81 0.19 2.30 0.90 0.10 1.15 
13 0.80 0.20 2.56 0.90 0.10 1.25 
14 0.78 0.22 3.03 0.89 0.11 1.55 
15 0.78 0.22 3.26 0.88 0.12 1.79 
 
The rate of occurrences and expected number of simple TM helices are 
computed for 15 sets of UniProt-derived membrane entries grouped by the 
number of TM helices they contain. The number of TM helices for each set is 
given in column 1. Column pairs (2,3) and (5,6) gives the ratios of complex 
and simple TM helices found in each set based on the z-score thresholds of 
f=1.282 (false-negative rate of 10%) and f=1.645 (false-negative rate of 5%) 
respectively. Similarly, column 4 and 7 gives the expected number (No. of 





Figure 5.7 Rate of occurrences and expected number of simple TM 
helices with increasing number of TM helices in membrane proteins 
Figure 5.7A shows the general trend that the rate of occurrences (in terms of 
ratio of simple TM helices) decreases exponentially as the number of TM 
helices increases in the protein. The ratios stabilize beyond 6 TM helices. 
Note that the trend is independent of the z-score thresholds of f=1.282 (false-
negative rate of 10%; see red lines) and f=1.645 (false-negative rate of 5%; 
see blue lines). On the other hand, Figure 5.7B shows that the expected total 
numbers of simple helices do not plateau with increasing TM helices. 
Generally, the number of expected simple helices sh  is about proportional to 
the number of TM helices nTM  in the protein. The relationship between these 
two values is nTMsh 218.0=  (goodness of fit is 93.02 =R ) for f=1.282 and 
nTMsh 112.0=  (goodness of fit is 82.02 =R ) for f=1.645. 
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5.2.8 Examples of simple and complex TM helices in known 
membrane proteins 
 
For the introductory example of 7-TM rhodopsin protein (P02699), the z-
scores of its seven TM helices are -3.23 (TM-1), 0.05 (TM-2), 0.33 (TM-3), 
0.43 (TM-4), -9.00 (TM-5), -2.67 (TM-6) and 2.57 (TM-7) respectively. 
Meanwhile, the z-score twilight zone is between -5.41 (f=1.645) and -3.29 
(f=1.282). Hence, z-scores below -5.41 are considered simple while z-score 
above -3.29 are complex. Consequently, only TM-5 of rhodopsin is 
considered simple. This collaborates well with the expected number of simple 
TM of between 0.78 and 1.54 for membrane proteins with 7 TM helices (see 
Table 5.5). So far, the functional role of this TM segment has not been well 
established whereas the Gly51 in TM-1 and Gly89 in TM-2 have been linked 
to the retinal degenerative disease autosomal dominant retinitis pigmentosa 
while Glu113 in TM-3, Ala169 in TM-4, Trp265 in TM-6 and Lys296 in TM7 
are functionally important [185,187]. 
 
Next, the Escherichia coli GlpG (P09391), a 6-TM bacterial rhomboid 
protease, has an active cleft that is characterized by the catalytic residues 
His150 in TM-2, Ser201 in TM-4 and His254 in TM-6. Furthermore, it is 
suggested that both TM-1 and TM-3 provide only a structural role while TM-5 
possesses conformational flexibility given that the substrate enters through 
the gap between TM-2 and TM-5 [180–182]. Correspondingly, the z-scores of 
the TM helices are -3.59 (TM-1), -0.72 (TM-2), -2.52 (TM-3), 1.18 (TM-4), 
-0.95 (TM-5) and 3.27 (TM-6) respectively. All helices except TM-1 are 
considered complex for a z-score threshold of above -3.29 (f=1.282). 
Interestingly, within the complex helices, the higher z-scores are able to 
differentiate the functionally-related helices (TM-2, TM-4, TM-6) from the 
structurally-related ones (TM-3, TM-5). 
 
Here, an example of the ‘in-betweener’ protein Escherichia coli aspartate 
receptor (Tar; P07010) is a chemotaxis receptor in bacteria. It is composed of 
2 TM helices (TM-1 and TM-2) and 3 bacterial domains as annotated by 
SMART [17,18] (SM00319-TarH: ligand binding domain, SM00304-HAMP: 
signal transduction domain, SM00283-MA: methyl-accepting chemotaxis-like 
domain). This receptor forms a homodimer through helix interactions between 
TM-1 of two monomers, without any involvement of TM-2 [191,203]. In fact, 
our z-score computations also show that TM-1 of Tar (z-score of -3.36) is 
indeed more important than its TM-2 (z-score of -24.48). Given the twilight 
zone of -5.41 (f=1.645) and -3.29 (f=1.282), TM-2 of Tar is considered simple. 
The expected number of simple TM helices is slightly underestimated at 
between 0.51 and 0.80 for membrane proteins with 2 TM helices (see Table 
5.5). 
 
Finally, the z-score of another introductory example the human APMAP 
(Q9HDC9) is found to be -2.84. Interestingly, its z-score is above the twilight 
range and hence its sole TM helix is considered complex. Interestingly, the 
TM-only sequence search of the human APMAP (as a seed orthologue 
against SwissProt dated 26-12-2010) returns 4 out of 6 of its orthologous 
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APMAP (APMAP_RAT, APMAP_MOUSE, APMAP_BOVIN, APMAP_CHICK, 
APMAP_DANRE, APMAP_SALSA). This means that the TM helix is likely to 
contain ancestry information and hence functionally important. But so far, the 
functional aspect of the APMAP TM helix has not been characterized and 
presents an interesting case for further experimentation. 
 
5.2.9 Application of the proposed necessary z-score criterion for 
simple TM suppression in domain models highlighted in our 
previous work 
 
In our previous work [21], we described 15 exemplary cases of protein domain 
models in Pfam that pick up significant false hits or missed true hits due to the 
inclusion of TM segments into the model. These domains listed in Table 5.6 
were compiled from Supplementary Tables S1, S2 and S3 of [21]. Here, we 
wish to examine the relationship between the type of TM segments (whether 
simple or complex) embedded in these domain models and the associated 
false and missed hits through our z-score criterion. Clearly, none of the hits 
described in the Supplementary Tables S1, S2 and S3 from [21] would 
surface in a database search if the respective TM segments were excluded 
from the respective models. 
 
Out of the 15 problematic domain model, 10 are single-TM-spanning and the 
other 5 are two-TM-spanning. Given a twilight zone of -5.41 (f=1.645) to -3.29 
(f=1.282), a TM helix with a z-score of above -3.29 is considered complex 
while below -5.41 is considered simple. Hence, all the single-spanning domain 
models have simple TM helices since their z-scores are between -53.23 and 
-6.83. For 3 of the two-TM-spanning models, i.e., the PAP2 (PF01569.13), the 
PIG_P (PF08510.4) and the CorA (PF01544.10) domain models, each model 
has at least one simple TM segment. This was the expected rate of 
occurrence based on Table 5.5. Among the TM segments of these 3 models, 
4 are considered simple, 1 is within the twilight zone and 1 is complex. The 
particular complex TM segment from CorA does not form any alignment with 
respect to its hit (AAO72700.1). Therefore, for all the above mentioned 
models, the associated false and missed hits were solely attributed to the 
simple TM segments. 
 
For the remaining two-TM-spanning models, PTPLA (PF04387.6) and 
HCV_NS4b (PF01001.11), the z-scores of their TM segments indicate that 
they are complex. To recapitulate, the fragmentary-mode hit 
(XP_001939830.1) that was detected by HCV_NS4b only has a partial 
alignment to the second TM segment of the model (‘LLSPGASVVGVALALI’). 
Similarly, the global-mode hit (EAY72555.1) only has an alignment to the first 
TM segment of the domain model PTPLA. In both cases, the alignment to the 
other complex TM segment were absent, hence these hits remained as false-
positive cases.  
 
In hindsight, our z-score works as a necessary criterion for the exclusion of 
simple TM segments from domain models with the desirable consequence of 
suppressing many false-positive hits in similarity searches. At the same, the 
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criterion is not sufficient to suppress all false-positive hits that might originate 
from chance alignments of TM regions with hydrophobic stretches.  
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Table 5.6. Problematic Pfam domains that picked up false-positive hits 
and missed false-negative hits in HMMER2 searches due to the inclusion 
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terminus) 66-87, ref. [85] DPLVLLLLAAAIISALDFVLGG 1.68 2.38 -6.83 
PF00482.11 : GSPII_F 
(Bacterial type II 
secretion system protein 
F domain) 
118-136,  
ref. [206] LLLIVALLILLLLLAILLP 0.55 10.89 -53.23 
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and golgi apparatus 
trafficking proteins) 
142-162, ref. 
[100] WWSIIQLLVLVGVSVFQVYYL 1.71 4.83 -8.09 


























[104,113] IGIPELLIILVVALLLFGP 1.20 5.42 -20.07 
PF00672.17 : HAMP 
(cytoplasmic helical 
linker domain) 1-15, ref. [105] LLLVLLIALLLALLLALLL 0.73 10.01 -43.85 













PF00558.11 : Vpu (Vpu 
protein) 6-28, ref. [208] IIGLIALIVALIILAIVVWTIVI 1.04 8.09 -28.92 




[209] VLLPLIVVPITLTLLLTALVVW 1.31 8.50 -21.96 
 
The first column lists the fifteen problematic Pfam domains from our previous 
work [21] where they picked up significant false hits or missed true hits due to 
the inclusion of TM segments in the model. These domains were compiled 
from supplementary Tables S1, S2 and S3 of [21]. The second column gives 
the regions of the validated TM in the Pfam HMM (hidden markov models) 
models with respect to the given references. In a nutshell, the HMM 
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sequences were aligned to the sequences provided in the literatures for the 
demarcation of the TM segments in the HMM models. The third column 
denotes the emitted HMM sequence of the TM segments. The last three 
columns give the complexity cx , hydrophobicity Φx  measures and subsequent 
z-scores of the TM segments. Note that the complex TM segments are 




5.3.1 The notion of simple and complex TM helices 
 
At the beginning of this work, there was the observation that TM regions are 
heterogeneous in the hydrophobicity/sequence complexity space. We found 
evidence that there are subpopulations of TM segments. For one of them, the 
TMs are more hydrophobic than average TMs and they have a lower complex 
sequence enriched in aliphatic hydrophobic amino acids. Correlating this to an 
experimentally-derived hydrophobicity scale [189,199,200], these TM helices 
have a higher propensity for membrane insertion than the average ones. 
Originally, we tied these TM regions to single TM proteins. As a trend, they 
are indeed more frequently occurring in proteins with just one or very few 
TMs; yet, we found that they may also be present in multi-spanning 
membrane proteins. Since these TM regions are actually mere hydrophobic 
anchors, we call them simple TMs.  
 
On the other end, there are TM regions that are enriched in charged (RDEH), 
structural (GP) and aromatic (FW) residues relative to the average TM. Thus, 
these TM regions are not so hydrophobic and they have higher sequence 
complexity. The listed residues are expected to have some role in the 
biological function of the TM proteins, for example, enabling the TM region to 
participate in ligand binding, active sites, signal transduction, structural 
packing of TM helices and complex assembly. We call these 
functional/structural TMs complex. As a trend, complex TMs are more 
frequent in multi-TM proteins but they may also occur in single-membrane 
spanning proteins.  
 
Thus, we have a basis for ‘simple’ and ‘complex’ TM helix distinction and, 
thereby, a justification for their separation. In this work, we propose a z-score 
framework (based on hydrophobicity and sequence complexity assessment) 
for this purpose (see equations (5.1) and (5.3)). Since the distribution of 
simple and complex TM helices in this space is overlapping, it is only possible 
to derive a necessary criterion for the simple helices (z-scores below a low 
threshold) and a sufficient criterion for the complex helices (z-scores above a 
high threshold). Clearly, there is a twilight zone for TM helices with 
intermediate z-scores which are difficult to classify without a priori knowledge 
of the protein’s evolution and function.  
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For practical purposes, we suggest to define a twilight zone of z-score 
between -5.41 to -3.29 (computed at 5% (f=1.645) and 10% (f=1.282) false-
negative rates with respect to the UniProt-derived functional TM helices). TM-
helices with z-scores above -3.29 are flagged as complex helices while those 
below -5.41 as simple. 
 
5.3.2 Simple and complex TM helices occur in either single- or 
multi-spanning membrane proteins at different frequencies 
 
We have shown the possibility of complex helices in single-spanning 
membrane proteins. Instead of being merely anchors, the sequences of the 
complex helices of the disease-associated proteins and immune receptors 
were able to confer sufficiently high homology information. On the other hand, 
the occurrence of simple helices in the multi-spanning membrane proteins has 
been illustrated via the TCDB database where we showed that the masking of 
simple helices in homology searches can improve the false-discovery rate of 
the classification without compromising on the sensitivity of the searches. Yet, 
the masking of the complex ones wreaked havoc to the sensitivity.  
 
Taken together, the existence of either simple or complex TM helices in 
integral membrane proteins is independent of their topology. As a trend, we 
find that the frequency of occurrence of simple helices in the membrane 
protein is proportional to the number of TM helices found within. To 
emphasize further, the TM helix of a single-spanning membrane protein is 
expected to be simple more than ~60% of all cases. For a multi-spanning 
protein, the frequency of occurrence of simple helices decreases as its total 
number of helices increases. This frequency stabilizes to around 0.3 (for a 
false-negative rate of 10%) when the total number of spanning helices 
reaches to 6 and beyond.  
 
5.3.3 About the extension of the sequence homology concept to 
membrane proteins 
 
Decades before the genomic era, the principle of inferring evolutionary history 
from sets of homologous protein sequences (e.g. 1964, fibrinopeptides [1]; 
1967, cytochrome c [2]) to build believable phylogenetic trees has already 
been established [3,4]. In the same period, another principle for inferring 
homology through the trinity of sequence-structure-function has also been 
successfully applied to unknown sequences with high sequence similarity to 
characterized structures (e.g. 1967, lactalbumin model is built using the X-ray 
coordinates of lyzosome where the two sequences are concluded to be 
homologous for being 35% identical [5]; 1986, angiogenin is homologous to 
pancreatic ribonuclease where the X-ray structure of the latter is known [6,7]). 
Essentially, these principles that govern the modus operandi of the present 
day sequence homology concept remain unchanged. 
 
Though homology has the precise meaning of “having a common evolutionary 
origin”, it also carries the loose meaning of “possessing sequence similarity or 
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being matched” when translated into computerized homology searches. 
Maybe, it would be more appropriate to use the term “sequelog” coined by 
Varshavsky [210] in this context. In reality, homology between sequences is 
always a hypothesis while similarity, being a measurable fact, can be 
rationalized either as chance, convergent evolution or common ancestry [10–
12]. While similarity by chance can be eliminated via stringent statistical 
criterion (e.g. E-value cutoff), ambiguity between convergent evolution and 
common ancestry, both inferred from similarity, can arise and this requires 
extra considerations. As a guide, we must be mindful in distinguishing 
between long stretches of similarity (typical for the construction of 
phylogenies) from those local resemblances that are physiologically 
constrained for particular side chains to form certain rudimentary structures 
(e.g. membrane spanning stretches from non-polar residues; turns and loops 
from polar ones) [13]. 
 
Fast forward into the present genomic era, alignment tools (e.g. BLAST [14], 
HMMER [15,16]) and domain libraries (e.g. SMART [17,18], Pfam [19,20]) 
have become the de-facto components of many automated annotation 
pipelines to detect the homology and hence, to infer the functions of many 
unknown sequences accumulating in the relentlessly growing sequence 
databases. The collateral damage from such convenience is an 
overestimation of homology since statistically significant similarities are 
interpreted as homology without an alternate exit as convergence.  
 
Although there have been previous attempts to create separate BLOSUM-like 
matrices, like PHAT [23] and SLIM [24], to perform homology searches for 
membrane proteins, their performance is limited to clearly defined TM protein 
families preferably with structural information. These non-symmetric matrices 
are generally not applicable on uncharacterized sequences when the choice 
of the score matrix to use for which residues is unclear given unknown 
structural domains of the sequences. In a nutshell, a generalized methodology 
to perform homology searches for membrane proteins that also naturally 
extends the present sequence homology concept does not exist. Despite that, 
the sequence homology concept has been silently extended to membrane 
proteins, most commonly through an automated annotation pipeline. As a 
result, the unjustified sequence similarity of simple TM helices to unrelated 
sequences can transform itself into an eventual annotation error propagation 
disaster [25,26]. In addition, the exaggerated E-values of HMMER2 [15,16] 
embedded in annotation pipelines might further complicate the issue [22]. 
 
To recapitulate, the question of whether TM helices originate from convergent 
evolution or common ancestry will remain a topic of theoretical debate. 
Instead, we explored the legal separation of simple (implying convergent 
evolution) and complex (implying common ancestry) TM helices in this work. 
We provide quantitative evidence that confirms their separability through the 
sequence complexity/hydrophobicity plot. The overlap between the functional 
TM-helices and the functional α-helices of globular domains (as a close 
structural analogue to the TM helix) in this plot serves as a first approximation 
for the applications of the sequence homology concept for the membrane 
proteins. Subsequently, extensive investigations with the single- and multi-
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spanning membrane protein sets (disease-related/immune receptors and 
TCDB) have reinforced that the sequence homology concept can indeed be 
generalized to the complex TM helices regardless of the topology of the 
membrane protein. The practical key to the extension of the sequence 
homology concept to membrane proteins is the z-score criterion. The 
suppression of TM segments with low z-scores in similarity searches keeps 
the simple TM helices at bay since the latter (implying the results of 





To conclude, homology has the elusive meaning of “possessing sequence 
similarity” when implemented as computerized homology searches. For these 
searches, statistically significant similarities can be misinterpreted as 
homology given the lack of consideration for convergence as an alternate 
explanation. For the membrane proteins especially, the ambiguity between 
common ancestry and convergent evolution is made worse because TM 
helices are, as a trend, homogenously hydrophobic. 
 
Continuing previous work [21], we conclude that a group of TM segments (in 
the form of membrane anchors) from domain models most likely exhibits 
sequence similarity as a result of convergent evolution. We find that TM 
anchors and functional TM helices are indeed distinct in amino acid 
composition and, hence, different in sequence complexity and hydrophobicity. 
Essentially, this basis establishes the notion of simple (implying convergent 
evolution) and complex (implying common ancestry) TM helices in nature and, 
hence, the possibility of their separation with computational criteria. 
 
Further investigations showed that the segregation of simple TM helices from 
the protein sequences has a positive impact on the sensitivity of homology 
searches. Most interestingly, complex TM helices can occur in single-
spanning membrane proteins contrary to their role as mere anchors, though at 
a much lower frequency than the multi-spanning ones. In hindsight, complex 
TM helices can occur in membrane proteins regardless of their topology. 
 
Finally, the existing sequence homology concept and computational 
framework can be extended to the membrane proteins when simple TMs are 
suppressed. A necessary criterion in the form of a z-score function was 
introduced for the purpose of identifying the simple TM helices (as well as the 
complex TM helices) within the sequences so that they can be properly 
identified prior to homology searches with methods based on sequence 
similarity. This is similar to applying sequence complexity filters such as SEG 
[120] in similarity searches. It should noted that, similarly to SEG that does not 
recognize all low-complexity sequence regions, our z-score criterion will 
detect many but not all TMs that might confuse searches for homologous 
sequences. In the end, a pure statistical consideration of computed homology 
relationships without looking at biological criteria [46] remains insufficient.  
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Pertaining to the comment of the reviewer of our previous article [21] (see 
Introduction), it is indeed not necessary to suppress complex TM segments 
within domain models collected in protein domain databases such as Pfam or 
SMART. Conflicts arise when simple TM regions in domain models support 
seemingly significant, yet false-positive alignments with their hydrophobic 
runs. The conceptual advance described here provides a z-score criterion to 
decide whether to include certain TM helices into models of protein domains.  
 
5.4 Materials and methods 
 
5.4.1 Derivation of sequence data sets 
 
Six characteristics datasets were derived from SCOP alpha and membrane 
class (version 1.75) and UniProt annotation file (dated 16-09-2010). They are 
the functional TMs, membrane anchors, signal anchors, functional α-helices, 
signal peptides and low-complexity segments. Based on the UniProt 
annotations, all TM proteins (functional TMs, membrane anchors, signal 
anchors and multiple TMs) are extracted based on the feature table keyword 
FT_TRANSMEM. We found that the median length of all UniProt-derived TM 
helices is 21 residues. Globular sequences like functional α-helices and signal 
peptides are based on the FT_HELIX and FT_SIGNAL keywords respectively. 
Only RefSeq sequences were processed. In addition, substrings and repeated 
sequences were removed from each of the derived dataset via the cd-hit 
algorithm [119] (with options -n 5 -c 1).  
 
Functional TM-helices: In our definition, a functional TM denotes a TM helix 
that contains residue(s) that is expected to confer the biological function of the 
protein analogous to globular proteins. Hence, these residues are expected to 
bind ligands, to be important for catalytic activity, etc. For the derivation of 
functional TMs, the TM entries are further mined for the following specific 
keywords FT_METAL, FT_BINDING, FT_ACTIVE. In the end, two sets of 
functional TMs were derived. One was from SCOP membrane class and 
another was from UniProt. The rationale is that the SCOP-membrane derived 
set would be more reliable since SCOP was manually curated though the 
sampling was expectedly limited (before and after the application of cd-hit, the 
number of sequences is 984 and 83 respectively). On the other hand, the 
UniProt-derived set, though much larger (Before and after the application of 
cd-hit, the number of sequences is 3923 and 1741 respectively.), was not 
expected to be free of annotation errors. Together, the two sets should give 
us an idea of the upper and lower bound for our computation results.  
 
Generally speaking, it is thought that the TM helix in a single-spanning TM 
protein (e.g. for Type I and II membrane proteins) functions as a simple 
anchor (resulting from convergent evolution) and does not confer its biological 
function in contrast to its globular part in most cases. The signal and 
membrane anchor sets are representative of this class of TM helices. For the 
derivation of both sets, the protein sequences were first checked for a single 
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annotation of FT_TRANSMEM to ensure these entries are single-spanning 
TM proteins.  
 
Signal anchors: An additional description of ‘Signal-anchor’ was enforced. An 
anchor is considered at N-terminus if it is located on the first 100 amino acids 
position of its full length sequence. The first 100 positions should coincide with 
the positions of a signal peptide (expectedly at the N-terminus) if one occurs. 
Before and after the application of cd-hit, the number of sequences is 2280 
and 1767 respectively. Out of the 1767 signal anchors, 372 signal anchors 
were predicted as signal peptides are predicted as signal peptides both by the 
Hidden Markov Model (HMM) and the neural network versions of SignalP. 
1071 of the signal anchors are predicted by either version of SignalP. The 
remaining 324 examples are rejected as possible signal peptides by both 
versions. Out of them, 218 are N-terminal signal anchors (within the first 100 
residues; see methods), 106 are more C-terminally located.  
 
Membrane anchors: An additional description of ‘Anchor’ was enforced. 
Before and after the application of cd-hit, the number of sequences is 378 and 
303 respectively. All except 15 of the resulting set of 303 membrane anchors 
are located on the C-terminal end of the proteins (i.e., beyond the first 100 
residues). None of the remaining N-terminally located membrane anchors has 
a positive signal peptide prediction from either SignalP-HMM or SignalP-NN. 
 
Functional α-helices: As close structural analogues to the α-helical functional 
TMs, a set of functional α-helices were derived from the entries under the 
SCOP alpha proteins class. Besides the FT_HELIX keyword, the SCOP 
entries were mined for the same keywords FT_METAL, FT_BINDING, 
FT_ACTIVE. Before and after the application of cd-hit, the number of 
sequences is 17193 and 1330 respectively. 
 
Signal peptides: As close analogues to the signal anchor sets, a set of signal 
peptides were derived from the entries under the SCOP alpha and membrane 
proteins class. The SCOP sequence entries were checked against the 
UniProt annotation file for the FT_SIGNAL keywords. This resulted in 1664 
sequences from SCOP alpha and membrane classes. After the application of 
cd-hit, only 262 signal peptides remained. 
 
Low-complexity regions: The SEG algorithm with parameters (window 
size/trigger complexity/extension complexity) 25/3.0/3.3 is applied to the 
SwissProt sequence database (dated 26-12-2010) resulting in 577373 
segments. After applying cd-hit for sequence redundancy removal and the 
subsequent suppression of sequence segments with less than 15 residues, 
475207 low-complexity segments remained. 
 
5.4.2 The Shannon’s entropy equation with IVL as a single group 
 
Given that the amino acids I,V,L are considered as a single group while all 



















2log  (5.5) 
 
where L  is the moving window size (i.e. size of 10, 12, 15, 18 in our work), V  
is the number of distinct groups of amino acids (i.e, 18 since IVL is considered 
as a group), im  is the number of amino acids that belongs to a particular 
group where 18..1=i . 
 
5.4.3 The regressed straight line and normal equation of the 
normalized sequence complexity and hydrophobicity 
datapoints 
 
Given n  data points ),( ,, iic xx Φ  where ni ...1=  and cx  and Φx  are the sequence 
complexity and hydrophobicity measures respectively, one wishes to find the 
best straight line cxx βα +=Φ  that passes through these data points. The 
intercept α  and slope β  can be found by minimizing the sum of squared 















2 βαε . As a consequence, the 
estimates of the intercept α  and slope β  are given as 
 
cuβµα ˆˆ −= Φ  and 
c
c σ
σρβ ΦΦ= ,ˆ  (5.6) 
 
where ),( ccu σ  and ),( ΦΦ σµ  are the mean/standard deviations of the 
sequence complexity and hydrophobicity respectively, and Φ,cρ  is the 
correlation between complexity and hydrophobicity. 
 
The normalized regressed line (with zero intercept) can be obtained by 
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5.4.4 Computation of False-positive, False-negative, True-
negative, False-discovery rates 
 
For the purpose of benchmarking, the false-positive rate (FPR), false-negative 















=  (5.11) 
 
respectively, where FP , TN , TP , TN  are the total number of false-positives, 
true-negatives, true-positives and true-negatives in a dataset respectively. 
 
5.5 Supporting Information 
 
Additional data files for this chapter are also available via http://mendel.bii.a-
star.edu.sg/SEQUENCES/ProblemDomains-TM-classification/ 
 
Supplementary Tables S5.1 a, b, c, d 
 
The file “MS-TM-classification-Supplementary-Table-1.pdf” provides the 
results of the enriched amino acids type among the functional TM sets 
(SCOP- and UniProt-derived) versus the anchor sets (membrane and signal) 
via the binomial comparative trials. 
 
Supplementary Tables S5.2 a, b, c, d 
 
The file “MS-TM-classification-Supplementary-Table-2.pdf” provides the 
correlation between the hydrophobicity scale and the signed Chi-square 2χ of 
the enriched amino acids residues in both the functional TM sets (SCOP- and 
UniProt-derived) and the anchor sets (membrane and signal). 
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6 Summary and Outlook 
 
In the first place, the sequence homology concept has only been shown for 
globular sequences. The motivation to systematically investigate the abuse of 
the sequence homology concept with regard to non-globular sequences arose 
when we anecdotally observe sequence similarities of unrelated hits to 
sequences of certain TM helices and signal peptides during homology 
searches. These similarities between non-globular sequences are often rather 
the evolutionary consequence of physico-chemical requirements than of 
common ancestry; yet, the sequence homology concept has been silently 
extended to them. In fact, our extensive studies on the Pfam domain database 
have systematically elucidated explicit examples where we found significant 
sequence similarities of unrelated hits due to TM helices or signal peptides 
embedded within domain models. This is detrimental since domain 
databases, being part of the automated annotation pipeline, can conveniently 
feed the problem of annotation error propagation in sequence databases 
through unjustified annotation transfers. In retrospect, the damage is not 
limited to a single annotation transfer error in practice. 
 
On the other hand, though it is not always straightforward to distinguish 
between convergent evolution and common ancestry from a simple measure 
of sequence similarity, similarity by chance can be determined through 
E-values. However, the switching between the extreme value distribution to 
the logistic function with increasing alignment scores in HMMER2 has created 
a conflict zone where a statistically significant HMMER2 alignment originally 
supported by the logistic function is no longer significant when it is re-
evaluated by the more appropriate extreme value distribution. As a result, 
homology through sequence similarity can be overestimated. 
 
In hindsight, the explicit cases of spurious sequence similarities that arose 
from TM helices within Pfam models exhibit the traits of sequence 
convergence implying convergent evolution. In those examples, the TM 
helices typically belong to the single-spanning or few spanning membrane 
proteins rather than those of the multi-spanning ones. As it turns out, TM 
helices can be simple or complex regardless of the topology of the membrane 
protein with the trend that complex TM helices occur more frequently in the 
multi-spanning membrane proteins. In addition, complex TM helices embody 
ancestry information while the simple ones are likely the results of convergent 
evolution. Justified by the distinction between the simple and complex TM 
helices, the masking of simple helices in seed sequences prior to homology 
searches showed improved false discovery rates and uncompromised 
sensitivity.  
 
From a theoretical standpoint, we have demonstrated the extension of the 
sequence homology concept to membrane proteins, thus making the concept 
more encompassing of all proteins. From a practical viewpoint, the exclusion 
of the simple TM helices from the domain models of membrane protein 
families should increase the granularity of membrane protein families (hence 
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